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Abstract
Identifying key timesteps in spatio-temporal datasets is es-

sential for shaping the story that a simulation tells. The selected
timesteps act as anchors for visualization, guiding parameter
choices for rendering, animation, and analysis. While many so-
phisticated selection methods have been proposed, we show that
the field has often leaned toward unnecessary complexity. In this
work, we provide a survey of existing timestep selection strategies,
illustrating their limited ability to balance quality and efficiency.
Building on these insights, we introduce a deliberately simple ap-
proach based on greedy local search. Starting from uniformly
spaced candidates, we iteratively shift selections to minimize re-
construction error under interpolation. Despite its simplicity, this
method consistently yields high-quality subsets, enabling effective
parameter tuning and exploratory visualization while achieving
significantly lower computational cost than more elaborate tech-
niques. Through quantitative comparisons across datasets and
error metrics, we demonstrate that this purposeful simplicity can
provide a better trade-off between quality and runtime than exist-
ing, more complex alternatives.

Introduction
As processor speeds and parallelism levels continue to rise,

the significant costs associated with storage and the slow rate of
data movement have emerged as principal obstacles for fully em-
ploying the computational capabilities of large-scale parallel ma-
chines. These problems are particularly acute in scientific do-
mains such as climate modeling, nuclear reactor simulation, and
combustion engine design, where the sheer volume of data pro-
duced by time-varying simulations compels researchers to limit
the amount of data that is stored. The inability to analyze ev-
ery timestep means that scientists are often confined to examin-
ing only a subset of data at predetermined intervals, chosen by
simplistic heuristics. This selection process becomes problem-
atic when the simulated phenomena exhibit complex behaviors
at unpredictable points in time, leaving the optimal selection of
timesteps for analysis and visualization as a persistent question.

In response to this challenge, various strategies have been
devised to identify key timesteps in time-varying datasets. Some
methods use user judgment by presenting an overview of the data
in a two-dimensional layout, enabling users to pinpoint signifi-
cant timesteps for closer examination. This user-centric approach
has been realized through different visual representations, includ-
ing spreadsheet-like layouts for time series data, storyboard-like
arrangements of images, and time histogram techniques that il-
lustrate data distribution changes over time. However, direct user
intervention is not always feasible, especially for applications re-
quiring data compression or in-situ analysis, necessitating auto-

mated solutions. Among these, algorithms that cluster similar
timesteps or identify those with significant changes from their pre-
decessors have shown promise. However, these methods typically
focus on local timestep data, potentially overlooking the broader
context provided by the entire time sequence, which can lead to
the selection of a suboptimal set of timesteps when faced with a
limit on the total number to be chosen.

Furthermore, the evolution of supercomputing capabilities
has enabled scientists performing simulations to generate and an-
alyze data at unprecedented scales, often resulting in vast num-
bers of high-spatial-resolution timesteps that accumulate to form
extensive datasets. The task of efficiently processing and visu-
alizing information derived from these comprehensive data col-
lections poses a significant challenge, particularly as the volume
of data stored can range from terabytes to petabytes. The goal
is to refine the process of developing and viewing imagery from
these full-spatial-resolution timesteps, enhancing the ability to de-
rive meaningful insights from the data generated by simulations.
This concern underscores the need for innovative approaches to
data management and analysis in the era of exascale computing,
where the volume and complexity of data far exceed traditional
simulation outputs.

In this study, our focus is on selecting a subset of significant
timesteps—referred to as salient timesteps—that effectively en-
capsulate the essence of an entire time series. This selection aids
in establishing visualization parameters for processing the full se-
ries, acts as keyframes highlighting pivotal moments in a simula-
tion, and facilitates the efficient sharing of crucial timesteps for
deeper analysis with collaborators.

We evaluate several techniques, including an unsupervised
machine learning method based on non-negative Tucker factor-
ization (NNTF) [1]. All techniques are adapted to produce a set of
features, and a set of weights for each of those features. For each
feature, we identify the specific timestep with which it is most
strongly associated, and tag that timestep as a keyframe. To com-
pare methods, we define sets of evaluation criteria to measure the
quality of selected key timesteps by measuring reconstruction er-
ror. In contrast to existing techniques, we use a simple but highly
efficient method that employs local optimization to minimize the
reconstruction error. Despite its simplicity, it is superior to all
existing approximate approaches and significantly faster than ex-
haustive search.

For simplicity, we assume uniform-length (in time)
timesteps, but conclude with an indication of how our approach
readily generalizes to varying-length timesteps.
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Related work
Even though it is only a side note in their paper about

transfer-function design, Akiba et al. group similar timesteps and
choose one representative timestep from each group [2]. One can
think of their method as hierarchical clustering of the histograms
of neighboring timesteps using the L2 norm as measure of dif-
ference. They then select the midpoint of each interval as the
representative.

Similarly, Wang et al. use salient timestep extraction as a
small component of their paper on classification of time-varying
volumetric data [6]. They evaluate an importance function based
on the conditional entropy of a timestep (or blocks of it) in rela-
tion to its neighbors in time. They then segment the whole time
series into intervals with the same accumulated importance and
select representatives as the salient timesteps. They always in-
clude the first timestep and choose the representative from each
interval that maximizes conditional entropy compared to the pre-
vious representative.

Ma et al. discuss the significance of optimizing the visual-
ization workflow through the lens of scientific storytelling, em-
phasizing that identifying critical moments in a simulation—
termed keyframes—can enhance the production visualization pro-
cess [10]. Several methods have been developed to identify these
keyframes, which are reviewed in the remainder of this section.

For data-intensive simulations, identifying essential
keyframes or timesteps is crucial for both post-analysis and
in-situ analysis. Meyers et al. explore the concept of selecting
salient timesteps for in-situ applications, assuming a continuous
flow of timesteps [9]. Their approach involves deciding on
the retention of each timestep as it arrives by comparing it
to a piecewise-linear model. This comparison continues until
a timestep deviates sufficiently from the model’s prediction,
prompting the storage of this new timestep and the initiation
of a new model. They further introduce the novel approach of
unique-float binning to extract keyframes as timesteps within a
simulation.

Frey and Ertl begin by randomly selecting one timestep from
each of a set of regular partitions of the entire time series [7].
As the process unfolds, it incorporates more timesteps through
random sampling based on a probability distribution that favors
choosing timesteps from longer intervals. This approach is non-
deterministic and aims to efficiently manage large datasets by re-
lying on random sampling, but without taking into account the
entire dataset or the timesteps that are omitted. They use the
Wasserstein distance as a metric of similarity between timesteps,
which they compute by connecting a discrete subset of samples of
the volumes into a graph via Delauney tesselation and applying a
minimum-cost flow-graph algorithm.

Tong et al. tackle the challenge of extracting the optimal
K timesteps from a dataset that changes over time, with K be-
ing predetermined by the user [3]. They employ dynamic time
warping and dynamic programming to identify the sequence of K
timesteps with the least cumulative cost of being warped to the
original dataset.

Zhou et al. [4] extend the work by Tong et al. They select the
most representative timesteps by minimizing the difference in the
amount of information from the original data using information-
theoretic variation-of-information and dynamic programming. In
contrast to earlier work, they provide a novel chart as a storyboard

of the data to guide efficient selection of the needed number of
timesteps.

Porter et al. use an unsupervised machine learning approach,
specifically an autoencoder, to generate a feature set from all
available timesteps, and then select keyframes based on this fea-
ture set [8].

Pulido et al. use a broad selection of different approaches
to select salient timesteps ranging from simple methods, such
as uniform, random, or maximum entropy sampling, to very
sophisticated methods [1]. The complex approaches include a
non-negative tensor decomposition [11, 12], wavelets with the
Haar basis function facilitating a multi-scale wavelet decompo-
sition [13], and wavelets combined with K-means clustering [14].

Wu et al. [5] combine time warping through dynamic pro-
gramming [3] and in-situ piece-wise linear interpolation [9] to
select timesteps in an online streaming in-situ fashion, offering
efficient computing time and memory usage.

A summary of existing work on salient timestep detection is
shown in Table 1. Given are a set of methods for in-core timestep
selection [2, 6, 7, 3, 4, 8, 1] and a set for out-of-core timestep
selection [9, 5]. Our approach is in-core. Further, we have a
set of methods that use dynamic programming to find the opti-
mal solution [3, 4, 5] with a very expensive pre-processing step,
and a set of methods that use a heuristic to find a good solution
quickly [2, 6, 9, 7, 8, 1]. Our approach falls in the latter category.

We consider our approach most closely related to the work
by Akiba et al., Wang et al., Frey and Ertl, and Pulido et al., who
all determine, in core, good solutions in a deterministic, algorith-
mic way without the combinatoric growth in complexity inherent
to the globally optimal solutions. In this paper we conduct a thor-
ough comparison of our heuristic and all of theirs and show that
ours generates superior results for the metrics and datasets sug-
gested by Pulido et al.

Algorithm
Our algorithm is motivated by how the quality of the selec-

tion of salient timesteps has been evaluated by existing methods.
Typically, the full simulation is used as ground truth and an ap-
proximation is recovered using linear interpolation on just the se-
lected salient timesteps. Then the quality of the selection is deter-
mined as a norm of the difference of the two series, where various
candidates exist for the choice of the norm [1].

Based in this, we chose to develop a straightforward method
that minimizes this norm directly to select the set of timesteps
that best describes the overall behavior of the simulation. The
idea is very simple: we start by selecting initial times equidis-
tantly spaced and then we shift them forward or backward, if that
decreases the overall error, until no more changes occur.

If we select n ∈ N salient timesteps from a simulation v
with N ∈ N timesteps total, we denote the selected timesteps by
t̃i, i = 1, ...,n, the actual timesteps by t j, j = 1, ...,N, and the re-
constructed state of the simulation by ṽ.
Reconstruction: For each timestep t ∈ [t̃i, t̃i+1] = [t j, tk] between
two selected timesteps t̃i = t j < t̃i+1 = tk, where j,k range from
1 to the total number of timesteps of the simulation N ∈ N, we
reconstruct the approximate timesteps using linear interpolation
for each pixel location x ∈ R3:

ṽ(x, t) =
v(x, t j)(t − tk)+ v(x, tk)(t j − t)

tk − t j
. (1)
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In core Out of core
Exact Tong et al. [3], Zhou et al. [4] Wu et al. [5]
Heuristic Akiba et al. [2], Wang et al. [6], Frey and Ertl [7], Porter et al. [8], Pulido et al. [1] Meyers et al. [9]

Table 1: In summary, the existing work on salient timestep detection can be categorized as in-core and out-of-core, and exact and heuristic,
approaches. Our method falls into the largest group—in-core heuristic approaches.

Our simulations have grids that do not change over time. In
the case of an evolving grid, we suggest determining the recon-
structed value using an additional spatial linear interpolation step.

We do not require that the first and last timestep be chosen.
The timesteps t ∈ [1, t̃1 −1] before the first and t ∈ [t̃n +1,N] after
the last selected timestep are reconstructed as identical copies of
their nearest neighbors:

ṽ(x, t) =

{
v(x, t̃1) if t ∈ [1, t̃1],
v(x, t̃n) if t ∈ [t̃n,N].

(2)

Our method is agnostic to the underlying reconstruction
method. It could for example be used with cubic interpolaton,
TSR-TVD [15], or HyperINR [16]. We use linear interpolation
for the reconstruction in the experiments presented here to be
compatible with previous work [1].
Initialization: We start with a uniform timestep selection. Typi-
cally, in uniform sampling, all intervals between chosen timesteps
have the same size. However, this causes the contribution of error
by the first and the last interval to be larger on average than that of
the inner intervals because nearest-neighbor interpolation, which
is used for them, is only of zeroth-order accuracy, while linear in-
terpolation is of first order. To compensate for this, we initialize
the intervals on both ends to be half the size of the internal ones.
Optimization: We compute the accumulated error for all n+1 in-
tervals before, between, and after the selected timesteps by adding
the reconstruction error ∥ṽ(t)− v(t)∥ of all timesteps t that fall
into the respective interval. We then iterate through all selected
timesteps and adjust each selection by moving one step forward
or backward if that decreases the overall error. If such an adjust-
ment is accepted, the stored location and error are updated. This
process is repeated as long as changes occur.
Acceleration: When we accept the adjustment of one selected
timestep, this changes only the accumulated errors in the two ad-
jacent intervals. As a result, if a selected timestep and both of its
neighbors have not been changed in the previous iteration, it is
also not going to change in the next iteration because all numbers
that go into this decision are identical. We use this observation to
accelerate the algorithm: we use a boolean array with an entry for
each selected timestep that is set to true if it gets changed, and to
false otherwise, in each iteration. Then we only treat the selected
timesteps that either have been changed or that have a neighbor
that has been changed in the previous iteration.

Convergence Behavior
The algorithm is greedy in nature and is not guaranteed to

converge to the optimum, and its results depend on its initializa-
tion. It is guaranteed to converge, though, because it monotoni-
cally decreases the error in each timestep.

The worst-case run time occurs if the optimal salient
timesteps would be exactly the first n or the last n timesteps.
In these cases, the algorithm would need to move all uniformly-
spaced initially-selected timesteps to one end, which would take

a number of steps asymptotic to Θ(Nn). For each step, the metric
needs to be evaluated for all N timesteps, which requires N times
the number of pixels operations.

For the average behavior, we assume no temporal prior and
model salient timestep locations as i.i.d. uniform over the time
interval. We note that in applications with temporally biased or
clustered events, this assumption may not hold. In such cases
convergence may require more steps, potentially approaching the
worst case. To find the average asymptotic behavior for a uniform
model, we need to sum the pairwise absolute differences between
the initial set and assumed i.i.d. random locations. Optimal trans-
port theory shows that the expected 1D Wasserstein distance of
order 1 between two independent and identically distributed sam-
ples is on the order of n−

1
2 per point [17]. Therefore summing

over n points and scaling from [0,1] to [0,N] gives total of N
√

n
steps on average.

Results
In this section, we describe the experiments that we per-

formed to evaluate our algorithm, and their results.

Evaluation Criteria
The evaluation of the chosen keyframes’ quality involves

reconstructing the entire temporal dataset using only these
keyframes. Linear interpolation towards the closest frame is used
for filling in the timesteps between the selected keyframes, as de-
scribed above. For comparability to the work of Pulido et al., we
use n = 19 selected timesteps.

Analogously, the assessment of the completely reconstructed
temporal dataset from the selected keyframes is conducted using
a collection of traditional statistical metrics and image quality al-
gorithms.

We evaluate the metrics for each timestep and then produce
the final assessment of the quality of the selection by averaging
over the entire dataset. Note that this averaging can cause metrics
that are typically related monotonically, such as PSNR and MSE,
to not be monotonically related.

In the following definitions, v(i) denotes the original scalar
value at cell i and ṽ(i) the reconstructed value, for i ranging over
all N cells in one timestep of the dataset.

The Total Absolute Error (TAE) is defined as

TAE =
N

∑
i=1

|v(i)− ṽ(i)|, (3)

which is simply the L1 norm of the difference of original and re-
constructed data.

The Mean-Square Error (MSE) [18] is calculated as

MSE =
1
N

N

∑
i=1

(v(i)− ṽ(i))2, (4)

which is simply the square of the L2 norm of the difference.
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(a) 20. (b) 64. (c) 110.

(d) 157. (e) 204. (f) 247.
Figure 1: The result of our method when tasked to select six salient timesteps of the Deep Water Impact Ensemble dataset.

The Peak Signal-to-Noise Ratio (PSNR) [18] is given by

PSNR = 10 · log10

(
MAX2

v
MSE

)
, (5)

where MAXv = maxi,t v(i, t) represents the maximum possible
value of the dataset across all timesteps t and all cells.

The Signal-to-Noise Ratio (SNR) is expressed as

SNR = 10 · log10

(
∑

N
i=1 v(i)2

∑
N
i=1(v(i)− ṽ(i))2

)
. (6)

The Structural Similarity Index Measure (SSIM) [19] is de-
fined by

SSIM(x,y) =
(2µxµy + c1)(2σxy + c2)

(µ2
x +µ2

y + c1)(σ2
x +σ2

y + c2)
, (7)

where x and y are windowed signals of the original and recon-
structed datasets, µ represents the mean over all scalar values, σ2

the variance, σxy the covariance, and c1,c2 are constants to stabi-
lize division with weak denominator.

The Multi-Scale Structural Similarity Index Measure (MS-
SSIM) [20] extends SSIM over multiple scales:

MS−SSIM =
M

∏
j=1

SSIMα j
j , (8)

where M is the number of scales, SSIM j is the SSIM at the jth
scale, and α j are the weights for each scale.

The Universal Quality Index (UQI) [21] is determined by

UQI =
4σxyµxµy

(σ2
x +σ2

y )(µ
2
x +µ2

y )
, (9)

where, as before, σxy is the covariance of the original and recon-
structed datasets, µx and µy are their means, respectively, and σ2

x
and σ2

y are their variances.

There is a distinct difference between statistical and image
quality algorithm metrics. While traditional statistical metrics
such as TAE, MSE, SNR, and PSNR measure differences between
the data points of the original and reconstructed datasets, image
quality metrics including SSIM, MS-SSIM, and UQI assess simi-
larities between timesteps. Unlike statistical metrics, image qual-
ity metrics are normalized, with values ranging from 0 to 1, which
simplifies evaluation and comprehension across different types of
datasets. We use the same metrics as Pulido et al. for a fair com-
parison to their results, but our method can be used in combination
with other metrics, such as LPIPS [22] and DreamSim [23].

Alternatives
For an exhaustive comparison, we have used all timestep se-

lection methods from the work of Pulido et al. We further added
the method suggested by Akiba et al. [2], an adapted version of
Akiba’s, Wang et al.’s [6], and an adapted version of the method
suggested by Frey and Ertl [7].
Basics: Let N be the number of timesteps in the series and
n the number of salient timesteps to be selected. The simple
method Regular corresponds to the basic uniform timestep selec-
tion i

⌈N
n
⌉

as performed by Pulido et al., Adapted Regular is our
initialization as described above, Random is a repeated indepen-
dent random selection from a uniform distribution over the inter-
val [0,N −1], and Entropy selects the timesteps with the highest
entropy,

H(X) =− ∑
x∈X

p(x) log2(p(x)), (10)

until the desired number n is achieved.
Wavelets: Wavelets in general have several vanishing moments
(minima and maxima). This property allows for a sparse but ac-
curate representation of an input dataset with only a small number
of coefficients with respect to a wavelet basis. A signal is de-
composed through multiple steps, i.e. multi-resolution, involving
“folds” at the largest scale until it reaches the smallest scale, i.e.,
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Method TAE PSNR SNR MSE* SSIM MS-SSIM UQI
Regular 4598 0.015 48.084 39.742 0.999718 0.999879 0.820540
Adapted Regular 4407 0.014 48.438 40.096 0.999742 0.999913 0.825735
Random 9926 0.097 45.093 36.718 0.999052 0.999607 0.762238
Entropy 44011 0.719 31.936 23.594 0.995602 0.996703 0.449596
Wavelets (M1) 25374 0.340 35.894 27.552 0.997264 0.998214 0.577396
Wavelets (M2) 6090 0.023 46.231 37.888 0.999446 0.999841 0.779228
Unique Floats 11584 0.339 42.345 34.003 0.998803 0.999603 0.717829
NNTF 8112 0.064 45.202 36.760 0.999309 0.999734 0.773684
Akiba TAE 5882 0.028 46.890 38.548 0.999556 0.999853 0.801945
Akiba SSIM 11109 0.111 42.007 33.666 0.998873 0.999546 0.725777
Adapted Akiba TAE 4397 0.012 48.310 39.968 0.999764 0.999918 0.821436
Adapted Akiba SSIM 5078 0.019 46.994 38.652 0.999692 0.999895 0.806484
Wang 5033 0.019 47.702 39.360 0.999667 0.999845 0.814679
Adapted Frey TAE 4476 0.014 48.274 39.932 0.999748 0.999917 0.819859
Adapted Frey SSIM 4443 0.014 48.250 39.908 0.999759 0.999915 0.823714
Ours TAE 4287 0.012 48.803 40.461 0.999763 0.999917 0.824787
Ours SSIM 4323 0.012 48.512 40.170 0.999773 0.999919 0.823742

Table 2: Results for the keyframe selection methods on the deep-water impact dataset. The metrics reported are averaged over all
timesteps. MSE* is ×10−3. Blue cells indicate the best performers, light blue cells the second best.

cell size. We compute the bi-orthogonal spline wavelet transform
using Matlab’s bior1.1 basis for each timestep.

As suggested by Pulido et al., the method Wavelets (M1)
involves discarding all coefficients within the three finest folds,
preserving only the largest, most important features. The salient
timesteps are then chosen as the ones with the largest L1 norm of
the remaining coefficients.

The method Wavelets (M2), also by Pulido et al., uses a dif-
ferent approach. Rather than removing coefficients, k-means clus-
tering with k = n is used on all non-zero wavelet coefficients from
the transforms of all individual timesteps simultaneously. For all
elements in a cluster, they compute the average distance from the
centroid to all coefficients that belong to one same timestep. Then,
for each of the n clusters, they select the timestep that exhibits the
smallest average distance as the representative to identify the most
distinctive signals, i.e., features, of a dataset.
Unique Floats: Unique Floats is a simple method used for unique
dataset selection [1]. By analyzing ensembles of datasets, a count
is conducted on each timestep of an ensemble to tally of the
number of unique floating-point values. Very distinctive and dy-
namic timesteps will tend to have a large count of unique floating
point values compared to a timestep in a more static region of the
dataset. We add the n timesteps that exhibit the highest number of
unique floats.
NNTF: We employed Non-negative Tucker-1 Factorization
(NNTF) to extract keyframes from the tensor X(t,x,y,z), where
z = 1 for 2D data. First, the tensor was reshaped into a matrix
X(t,x∗ y∗ z). We then applied the non-negative matrix factoriza-
tion with latent feature estimation approach termed NMFk [24,
25] to factorize this matrix, yielding factor matrices W∈Rt×k and
H ∈Rk×(x∗y∗z) for automatically estimated k extracted keyframes
(see Pulido et al. for details). This factorization was performed us-
ing the distributed NMFk Python library pyDNMFk [26, 27]. The
factor matrices hold latent feature information Wi,: that provides
the time activation for each keyframe, while H:, j encodes the flat-
tened keyframes. To recover individual keyframes, we apply the
reshape operation reshape(H:, j,(x,y,z)).

Akiba et al.: Akiba et al. iteratively group similar timesteps, anal-
ogously to hierarchical clustering, and choose one representative
timestep from each group [2]. As the measure of similarity, they
use the histograms of neighboring timesteps and the L2 norm of
their difference. It is possible to replace the L2 norm with any of
the other metrics. Finally, they select the midpoint of each interval
as the representative. The numbers presented in our benchmark
correspond to 100 bins for each histogram. We used Matlab’s
histcounts for the generation of the histograms. We then find the
pair of consecutive histograms with the smallest difference in the
L2 norm, average the two histograms, replace the first histogram
of the pair with the average and remove the second one. Finally,
we update the number of histograms and record the midpoints of
the merged intervals. We have implemented their method using
varying numbers of bins and found that the number not to signifi-
cantly change the performance. We refer to this method as Akiba.

Since Akiba et al. had envisioned their timestep selection to
be used specifically for the generation of transfer functions based
on the histograms, for them the histograms actually contain all
the information that they care about. It is therefore fair to imagine
that they would have adapted their method to run on the actual
timesteps instead of their histograms given our problem formula-
tion. We have therefore adapted their method slightly by allowing
the algorithm to take the difference using any of our supported
norms and similarity measures of the entire timesteps and added
it to our benchmark suite under the name Adapted Akiba.
Wang et al.: We have implemented the salient timestep extraction
of Wang et al. [6] They evaluate an importance function A(x, t) for
spatial blocks of timesteps based on a weighted sum of its condi-
tional entropy in relation to its neighbors in time and then sum
up the importance functions over the individual blocks to derive
an importance function for the entire timestep, A(t) = ∑x A(x, t).
The conditional entropy is defined as H(X |Y ) = H(X)− I(X ;Y ),
where H(X) is the entropy, and

I(X ;Y ) = ∑
x∈X

∑
y∈Y

p(x,y) log2(
p(x,y)

p(x)p(y)
) (11)
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Method TAE* PSNR SNR MSE SSIM MS-SSIM UQI
Regular 319 735.800 40.824 35.080 0.990240 0.994327 0.991750
Adapted Regular 197 532.313 43.881 35.387 0.996360 0.998674 0.997268
Random 529 1358.000 32.330 32.330 0.990240 0.994327 0.991750
Entropy 1730 8783.000 33.062 24.560 0.986651 0.990903 0.989307
Wavelets (M1) 579 1832.000 37.594 29.090 0.991615 0.996095 0.993399
Wavelets (M2) 221 517.700 42.665 34.170 0.995679 0.998505 0.996755
Unique Floats 1069 3802.000 33.877 25.370 0.986896 0.992867 0.989228
NNTF 611 1984.000 39.094 30.560 0.991188 0.996112 0.993026
Akiba TAE 178 418.929 43.120 34.620 0.996555 0.999092 0.997531
Akiba SSIM 238 576.449 42.733 34.233 0.995519 0.998235 0.996544
Adapted Akiba TAE 179 400.204 43.423 34.925 0.996387 0.998888 0.997356
Adapted Akiba SSIM 211 552.789 42.544 34.042 0.996289 0.998886 0.997316
Wang 388 905.829 43.287 34.792 0.992258 0.995352 0.993360
Adapted Frey TAE 192 469.931 43.642 35.146 0.996247 0.998692 0.997233
Adapted Frey SSIM 189 466.028 43.726 35.229 0.996406 0.998768 0.997326
Ours TAE 181 444.197 44.069 35.574 0.996434 0.998774 0.997364
Ours SSIM 189 499.139 43.985 35.490 0.996471 0.998752 0.997354

Table 3: Results for the keyframe selection methods on Antarctic Ice-sheet ocean dataset. The metrics reported are averaged over all
timesteps. TAE* is ×106. Blue cells indicate the best performer, light blue cells the second best.

is the mutual information from information theory. The probabil-
ities p(x) ∈ [0,1] are defined as the probability for a data value to
fall into a specific histogram bin, or alternatively, as the count of
values in the respective histogram bin divided by the total num-
ber of points in the dataset. Analogously, the joint probability
p(x,y)∈ [0,1] is the probability for a pair of data values to fall into
a bin of the joint histogram. We compute the joint histograms us-
ing Matlab’s histcounts2 and compute the importance using Mat-
lab’s calcCondEntropy. We calculate the target value, which is
the mean of the importance, iterate through the timesteps, and
check if the current sum of importance has reached or exceeded
the target value. If so, we are done with the interval and reset the
counter. In our implementation, we used the simplest setting of
just a single block per dataset, and set the number of bins in the
histograms to 100. Wang et al. also mention adding other prop-
erties into the histograms, such as the gradient or domain-specific
attributes, but we use just the basic histogram of the scalar values.
For the weights, we used the scheme Wang et al. provide in Fig.
1 of their paper, i.e., the importance function for the dataset Xt at
timestep t takes the form

A(t) =I(Xt ;Xt−3)+2I(Xt ;Xt−2)+4I(Xt ;Xt−1)

+4I(Xt ;Xt+1)+2I(Xt ;Xt+2)+ I(Xt ;Xt+1).
(12)

As Wang et al. suggest, we then segment the whole time series
into intervals with the same accumulated importance and select
representatives as the salient timesteps. We always add the first
timestep and then choose the representative from each following
interval that maximizes the conditional entropy in relation to the
previously selected representative.
Frey and Ertl: Frey and Ertl’s method first selects one timestep
randomly from each of a set of regular partitions of the time se-
ries [7]. Later it incorporates more timesteps through random
sampling based on a probability distribution that favors choos-
ing timesteps from longer intervals. We have adapted the method
in that we 1) use only a single interval for the first step, and 2)
remove the randomness. We give the method foresight in the
sense that we have it iteratively choose the timestep that most

reduces the error instead of a random one. This of course vio-
lates the original idea of Frey and Ertl to efficiently manage large
datasets by avoiding reading every timestep, and makes it very
slow. We do not suggest doing this in practice, but only run it
in this way to produce a deterministic best-case scenario to com-
pare against. We start with an empty set of selected timesteps
and iteratively fill it until we have reached the number of desired
salient timesteps. For each iteration, we loop through all unse-
lected timesteps, choose one to add to the current selection, gen-
erate the reconstructions, and compute the error with respect to
the selected metric. The timestep that reduces the error the most
is the one that is permanently added to the set. Originally, Frey
and Ertl used the Wasserstein distance as their metric of choice,
while we ran it with all of the metrics described above. We refer
to this method as Frey.

Deep-water Impact Dataset
We test our method on the same datasets as Pulido et al. to

allow comparison to their methods. These datasets have very dif-
ferent temporal behaviors, which makes them good candidates for
evaluation. The first changes rapidly but uniformly and the second
moderately at first and very slowly later. The Deep Water Impact
Ensemble dataset [28] consists of simulations designed to explore
the likelihood of asteroid impacts in deep ocean waters causing
tsunamis. These simulations were conducted using xRage [29],
a parallel multi-physics Eulerian hydrodynamics code developed
by Los Alamos National Laboratory. The simulation uses adap-
tive mesh refinement (AMR) to vary resolution across different
areas of the computational grid. The specific simulation we focus
on is the yB31 ensemble member, which simulates a 250-meter
asteroid impacting at a 45-degree angle and exploding in the air
5 km above the ocean surface. Visualization data was generated
using ParaView Catalyst [30]. For our analysis, we used the same
center Z-slice of the resampled dataset of a uniform grid measur-
ing 460x280x240, comprising 269 timesteps, as did Pulido et al.

The performance of the selected keyframes with respect to
all quality metrics is summarized in Table 2. Our algorithm took
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Figure 2: Early time of the ABUMIP dataset showing ice thick-
ness with all floating ice removed.

12 iterations and 11.4 seconds to converge for TAE, and 10 itera-
tions and 62.3 seconds for SSIM, as the optimization metrics. Its
performance is compared to other algorithms in Table 4. The re-
sults of our algorithm for K = 6 keyframes is visualized in Fig. 1.

Note that the numbers for the statistical metrics are identical
to the results reported by Pulido et al., but differ for the image
quality metrics in Table 2. In Pulido et al., the inclusion of the
selected timesteps themselves, i.e., perfect reconstructions, were
skipped in the error accumulation across all methods, while we in-
clude them. Because these contribute perfect zeros for the statisti-
cal metrics, nothing changes. In contrast, because they contribute
perfect number ones for the image quality metrics, the results are
different. The reason we included them is that excluding them
introduces an unintended bias towards methods that select the
same timestep more than once for the image quality metrics alone,
which occurred in the results for random sampling and NNTF.

Land Ice Modeling Dataset
The ABUMIP land ice modeling dataset [31] is derived from

simulations carried out for the CMIP6 Ice Sheet Model Intercom-
parison Project (ISMIP6) [32], using the MPAS Albany Land Ice
(MALI) simulation software, Fig. 2. ABUMIP explores a hy-
pothetical extreme scenario in which all ice shelves surrounding
Antarctica are instantly removed and are not allowed to reform
for 500 years. While this scenario is not climatologically plausi-
ble, it serves to provide a theoretical maximum response of the
Antarctic ice sheet to the complete loss of its ice shelves. In
this simulation, MALI employs a variable-resolution mesh that
is finely discretized to 2 km in regions near the coast, which are
dynamically critical, and expands to 30 km resolution in the less
dynamic interior of the slow-moving ice sheet. This mesh com-
prises approximately 1.8 million horizontal grid cells across 200
timesteps and incorporates ten vertical layers. These layers are
strategically densified near the base of the ice sheet to accurately
capture vertical shearing effects. The simulation was executed on
roughly 6000 processors at the National Energy Research Scien-
tific Computing Center (NERSC).

Impact Land ice
Metric TAE SSIM TAE SSIM
Adapted Regular 0.0041 0.0041 0.0037 0.0037
Random 0.0034 0.0034 0.0035 0.0035
Akiba 0.71 0.71 2.6 2.6
Adapted Akiba 32 690 280 3100
Wang 5.0 5.0 34 34
Adapted Frey 2400 8500 9500 25000
Ours 11 62 90 110

Table 4: Runtimes in seconds for the methods for which we have
implementations. The fastest are marked blue and the second
fastest light blue.

The performance of the selected keyframes with respect to
all quality metrics is summarized in Table 3. Our algorithm took
10 iterations and 90.4 seconds to converge for K = 19 keyframes
for TAE, and six iterations and 109.29 seconds for SSIM, as the
optimization metrics. Its performance is compared against other
algorithms in Table 4.

Note that as before the numbers for the image quality metrics
differ from the results reported by Pulido et al. by including the
original keyframes in the image-metric computations.

Runtimes
Lastly we provide runtimes for the algorithms that we have

implemented. We are not able to provide runtimes for all of the
methods to which we compare our algorithm because we do not
have their implementations; in particular, we do not know the
performance of Entropy, Wavelets (M1), Wavelets (M2), Unique
Floats, or NNTF. We know their performance with respect to the
metrics because they were reported in related work but their run-
times were not provided. All of our runs were performed in serial
in MATLAB on a MacBook Pro with the Apple M2 Max chip.

We again stress that Adapted Frey has very different perfor-
mance than that of the original algorithm suggested by Frey and
Ertl [7], which would have been significantly faster. The runtimes
for regular and random sampling are dominated by loading the
dataset, which is needed to count the number of timesteps N.

Conclusions
Summary: Selecting salient timesteps in spatio-temporal data
can be used for data reduction, creating summaries and craft-
ing initial visualizations for animations and overviews, as well as
finding optimal parameters for visualization algorithms or trans-
fer functions that work for the entire series, i.e, that produce good
visualizations. We have presented an extremely simple, yet highly
efficient, strategy that allows for the effective determination of the
best salient timesteps. We start with a uniform sampling and re-
fine it by locally adjusting the positions of selected timesteps in
the direction that reduces the error.

In contrast to methods that perform exhaustive searches [3,
4, 5], our method does not guarantee the optimal selection of
timesteps, but it delivers good solutions in a fraction of the time.
While the globally optimal solutions require a pre-processing step
that takes hours for simulations with moderately many timesteps,
ours takes only from a few seconds up to two minutes. But, as
Frey and Ertl have pointed out: “Tong et al.’s selection approach is
also excessively expensive in a number of cases (e.g. when choos-
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ing relatively few timesteps from a long series)” [7], the combi-
natoric character of the exhaustive methods does not scale to the
resolutions of large scientific simulations.

We have compared our algorithm to a broad set of techniques
suggested in related work. Our suggested heuristic uses one spe-
cific metric with respect to which it optimizes. We therefore ex-
pected it to excel in its respective column, which it did in almost
all cases. We ran our method with each of the metrics and present
the result of the total absolute error (TAE) and Structural Simi-
larity (SSIM) as representatives. What we did not expect was for
each variant of our heuristic to also perform extremely well with
respect to the other metrics. Except for a very few cases, each of
our runs outperforms every other approach in every other metric.
Tables 2 and 3 show that the numbers in the last two rows are
better than all others except for the methods by Akiba et al. and
the one we adapted from it in the land ice modeling dataset. Ex-
amining the deep-water impact results, though, we see that only
Adapted Akiba provides competitive results. In contrast, Akiba’s
original method performed even worse than regular sampling. We
will make the source code publicly available upon acceptance.

Discussion: The fact that our method was inferior in some metrics
compared to the method suggested by Akiba et al. in the ice sheet
dataset reveals a limitation of our method. The ice sheet dataset
has a much less uniform behavior than the deep impact dataset.
This makes uniform sampling a poor choice for an initial guess
and our algorithm is unable to escape the corresponding trough of
the local minimum. We can only expect this behavior to worsen
if the time series have larger numbers of timesteps.

Another observation is that the error measures that relate to
a mathematical norm, i.e., TAE and MSE, are significantly better
predictors of the behavior with respect to all measures on aver-
age than are the image quality metrics. Representative of this is
that for Adapted Akiba, adapted Frey, and our method, the re-
sults with TAE perform much better than the results with SSIM
(Tables 2 and 3). For example, our method running with SSIM
only outperformed our method running with TAE for SSIM (and
possibly MS-SSIM), whereas the TAE version outperformed the
SSIM version in every other measure. We therefore strongly rec-
ommend the mathematical norms over the image quality metrics
for salient timestep selection algorithms for scientific simulations.

Our experiments demonstrate that our heuristic, despite its
simplicity, achieves a better balance of high-quality outcomes and
computational efficiency than current approaches.

Future Work: In future work, we intend to parallelize the al-
gorithm and extend it to sampling 2D and 3D non-uniform and
evolving datasets, e.g., AMR. We also want to explore if it can be
used for data reduction purposes. Also, we intend to extend the
initialization to more sophisticated methods, such as applying the
clustering method used by Akiba et al. [2]. Instead of allowing
moving only one timestep at a time, we want to use a simulated
annealing optimizer to avoid getting trapped in local minima. Fi-
nally, we plan on extending our method to run on simulations
whose timesteps are not regularly spaced in time by weighting the
reconstruction error with the length of the represented time inter-
val and to DICOM-style slice-based data by treating slice indices
as proxy timesteps.
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