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A deep understanding of the dynamical properties of natural time-varying images is essential for
interpreting how they are efficiently processed in the brain. Here we examine natural time-varying images
from the perspective of their spatiotemporal patterns and find evidence of dynamical thermodynamic
criticality. We further demonstrate that these spatiotemporal patterns ubiquitously organize as localized,
propagating patterns. By studying these propagating patterns and their spreading dynamics over time, we
demonstrate that the critical dynamics of natural time-varying images belong to the universality class of
directed percolation. These critical dynamics have important implications for understanding neural
processing of time-varying stimuli.
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Understanding the dynamical properties of natural
scenes is a problem of long-standing interest in physics
[1], neuroscience [2], psychology [3], and computer sci-
ence [4,5]. In previous studies of natural scenes, it has been
found that the spatial power spectrums of pixel intensities
[6] and contrast values [1], along with clusters of pixels
with similar intensity values [7,8], possess scale-invariant
features. These physical properties of natural scenes have
been revealed by treating contrast or intensity values of
pixels as states of 2D lattice systems; despite the success of
this approach, only static natural images have been con-
sidered in these previous studies. The visual system,
however, is evolutionarily honed to adaptively and rapidly
process dynamical, time-varying visual inputs. Studies of
natural time-varying images (NTVI) have found nontrivial
scaling properties between spatial and temporal power
spectra [9] and higher-order spatiotemporal correlations
from various local motion signals [10–12]; nevertheless,
the intrinsic spatiotemporal properties of NTVI remain
unknown.
In this study, we investigate NTVI from the perspective

of their spatiotemporal patterns. We first show that the
probability distribution of these patterns is inhomogeneous,
and, by adopting a thermodynamic approach that treats
time as an extra dimension [13], we demonstrate that the
collective dynamics of the spatiotemporal patterns exhibit
dynamical criticality. We then reveal the nonequilibrium
nature of the criticality by examining the statistical and
propagating properties of clustered patterns that are
embedded in natural time-varying images and find that
their collective dynamics belong to the universality class of
directed percolation (DP).
To do so, we analyze an ensemble of NTVI belonging to

the UCF-50 action recognition data set [14] that have been
recorded using a dynamic vision sensor (DVS) imaging

device [15]. Unlike traditional video cameras that capture
entire frames at a fixed frequency, each pixel of a DVS
produces an output only when the light intensity impinging
upon a pixel changes beyond a threshold amount, with
latencies and temporal precision down to microseconds
[15]. One advantage of this feature is that the DVS
produces a sparse, yet temporally precise representation
of a visual scene by removing scene redundancies, such as
static backgrounds [9,16]. DVS imaging devices are there-
fore targeted towards and widely used in dynamic computer
vision tasks requiring high temporal precision, high
dynamic range, and low power consumption [16,17].
This sparse DVS data set allows us to analyze a large
ensemble of movies, extending upon previous analyses that
have been restricted to small samples due to the use of
computationally dense frame-based data [9,18].
Furthermore, the UCF-50 data set includes a range of
natural videos such as skiing, horse riding, diving, and
gymnastics. The advantage of this data set is that it consists
of an ensemble of naturalistic action tracking scenes unlike
cinematic movies possessing inherently unnatural statistics
[19]. Thus, the UCF-50 action data set recorded using a
DVS camera represents a pragmatic ensemble of NTVI.
The resolution of the DVS is 240 × 180 pixels, and the

monitor displaying the movie has a refresh rate of f ¼
60 Hz [16]. To characterize events, we use a temporal
resolution of Δt ¼ 1=f. We use this window to remove any
effects from the screen refreshing; however, the results are
robust in the range Δt ¼ 1=f � 0.8 × 1=f. We focus on a
randomly sampled subset of the ensemble, ∼20% from
each of the 50 categories, covering over 1000 movies.
Compared to traditional fixed frame-rate movies [Fig. 1(a)],
the DVS outputs a sparse representation [Fig. 1(b)]. To
describe NTVI recorded by a DVS with M pixels, we
assign a binary variable σn;t ¼ 1 if an event occurs within
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the window t at pixel n and otherwise σn;t ¼ 0, where
n ¼ 1 to M; an example of these binary variables is
demonstrated in Fig. 1(c) from the corresponding natural
movie shown in Fig. 1(a).
To include the temporal dynamics of the NTVI as in

Ref. [13], we consider these binary variables of the DVS
signal across L consecutive time steps. We define a state of
a NTVI as the sequence of binary variables between t ¼ 1
and t ¼ L consecutive time steps σ ¼ fσn;tg. We find that
the mean state probability distribution is inhomogeneous
and heavy tailed [Fig. 2(a), left] and that the most common
states consist of few events while the rarer states consist of
multiple events [Fig. 2(a), right] (averaged across individ-
ual NTVI sampled with M ¼ 2500 pixels across L ¼ 4
time steps, and shaded areas are SEM). Figure 2(b)
demonstrates the corresponding spatiotemporal patterns
from three differently ranked states where events are
colored for L ¼ 4 time steps. As NTVI predominantly
consist of a static background, the most common state is
always that of quiescence (no events), accounting for
∼50% of the observed activity. The great inhomogeneity
shown in the state probabilities suggests that the movies
exhibit nontrivial dynamics. To reveal these dynamics, we
apply a thermodynamic approach treating time as an extra
dimension and calculate the time-normalized specific
heat [13].
In this thermodynamic framework, the probability of a

given state can be related to an energy as EðσÞ ¼ − lnPðσÞ.
We can then introduce a nonparametric control parameter
analogous to the temperature, τ, to probe this
inhomogeneous distribution, and the temperature-
dependent probability distribution can be written as

PτðσÞ ¼ ð1=ZτÞ exp½−EðσÞ=τ�, where Zτ is the partition
function. First, the entropy can be defined as HðτÞ ¼
−
P

σPτðσÞ lnPτðσÞ and the heat capacity as CðτÞ ¼
τ∂HðτÞ=∂τ ∝ Var½EτðσÞ�=τ2 [13]. As CðτÞ is an extrinsic
property, it scales with the sample size [13]; consequently,
we define the specific heat cðτÞ as the heat capacity
normalized across pixels and time, cðτÞ ¼
CðτÞ=ML, which is an intrinsic measure. An increasing
specific heat with an increasing pixel sample size suggests
that the specific heat is divergent, indicating the presence of
criticality [13,20].
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FIG. 1. Natural time-varying images recorded using a DVS.
(a) Three frames from the UCF-50 action data set of a skier,
(b) the corresponding DVS events, and (c) the responses of the
DVS pixels across the entire movie (DVS events are represented
by black dots).
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FIG. 2. Diverging specific heat of natural time-varying images.
(a) The mean state count (left axis) and mean number of events
(DVS output) (right axis) within a state (M ¼ 2500, L ¼ 4)
ranked in order of their occurrence (averaged across individual
NTVI, and shaded areas are SEM). (b) Spatiotemporal DVS
patterns from three differently ranked states (events are colored
by their time step). (c) Mean specific heat [cðτÞ] curves for
different pixel samples (averaged across all NTVI; error bars are
SEM and L ¼ 4). (d) Specific heat peak temperature against
sample size M (circles) approaches τ ¼ 1 (L ¼ 4). (e) Maximum
specific heat against temporal range L (circles); beyond L ¼ 4
(red arrow), the increase plateaus (M ¼ 10 000).
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Therefore, we test for criticality by analyzing how the
specific heat evolves as we increase the pixel sample size.
We find that the specific heat diverges as the sample size
increases [Fig. 2(c)]; here the mean specific heat is
calculated across individual NTVI for an increasing pixel
sampling repeated 50 times for each movie and sample size,
with L ¼ 4. We find that the mean specific heat diverges as
the sample size increases [Fig. 2(c)] and that the peak
temperature of the specific heat curves approaches 1 from
above with an increasing sample size [Fig. 2(d)], indicating
that the observed NTVI (τ ¼ 1) are critical.
We find that including spatial and temporal aspects of

NTVI is essential for a pronounced divergence of the
specific heat. As in Fig. 2(c), for dense sampling
(22 000 pixels covering ∼50% of the available pixels)
the criticality is more distinct, whereas for sparse sampling
(50 pixels covering ∼0.1% of the available pixels) the
phenomenon is obscured. Similarly, Fig. 2(e) demonstrates
the importance of including temporal dynamics for a
pronounced divergence of the specific heat and that
including timescales beyond L ¼ 4 temporal dimensions
leads to diminished increases of specific heat.
The thermal criticality identified above is based on the

inhomogeneous probability distribution of states from
NTVI. We find an inverse relationship between a state
probability and the number of events within the state
[Fig. 2(a), left] and that rarer states correspond to propa-
gating patterns [Fig. 2(b)]. These patterns exhibit variable
spatiotemporal dynamics ranging from localized bursts to
long-lived wavelike activity and resemble percolating
processes propagating through space and time observed
in other complex physical systems [21,22] (Fig. 3). By
investigating the dynamical properties of these patterns, we
now demonstrate the nonequilibrium nature of the criti-
cality belonging to the universality class of DP. We first
detect these patterns based on their spatial and temporal

contiguity, with each of them being referred to as a cascade.
Specifically, for each time step, events are clustered within
a radius rS, and a cascade is defined as a contiguous set of
clusters with a center of mass within a radius rT between
successive time steps [23]; this method allows multiple
cascades to be detected at any given time. A cascade is
quantified by three quantities: (i) size S, i.e., the number of
events within a cascade; (ii) duration T, i.e., the number of
successive time steps a cascade is active; and (iii) mean
squared displacement (MSD), i.e., the displacement from a
cascade point of origin.
We now derive a nonparametric characterization of DP

based on the cascade duration distribution, size distribution,
MSD, and a scaling relation. This nonparametric charac-
terization is derived from the standard characterization of
DP based on a control parameter p and its distance to the
critical point pc, defined as

ρ∼ ðp−pcÞβ; ξ⊥ ∼ ðp−pcÞ−ν⊥ ; ξk ∼ ðp− pcÞ−νk ;
ð1Þ

where ρ is the density of events, ξ⊥ and ξk are the spatial
and temporal correlation lengths, respectively, and β, ν⊥,
and νk are the three critical bulk exponents [24]. In DP, the
dimension d corresponds to the number of neighbors of
each point. The upper critical dimension of DP is d ¼ 4,
and for d ≥ 4 the scaling behavior is described by the mean
field theory [24,25]. To account for occlusion effects, the
cascades of NTVI are spatiotemporally contiguous within
rS > 1; thus, the system is in the mean field regime, and the
three bulk exponents [24] are

β ¼ 1; ν⊥ ¼ 1=2; νk ¼ 1: ð2Þ

However, this standard method of analysis cannot be used
for our system, as there is no control parameter in our data
[Eq. (1)]; nevertheless, DP can also be characterized by a
set of spreading exponents: η, δ, and z [25]. These are
defined as

NðtÞ ∼ tη; QðtÞ ∼ t−δ; MSDðtÞ ∼ tz; ð3Þ

where NðtÞ is the mean number of active events at time t,
QðtÞ is the survival probability, and MSDðtÞ is the mean
squared displacement [25]. Scaling relations can be found
between the spreading exponents and the bulk exponents in
Eq. (1). Because of scale invariance, at criticality, if time is
scaled by a factor b, space must be similarly scaled by
bν⊥=νk ; thus, z ¼ 2ν⊥=νk. For brevity, we note that the
remaining spreading exponents can be found from the well-
known scaling relation β ¼ δνk and the DP specific hyper-
scaling relation ηþ 2δ ¼ dz=2 [24–26]. Thus, the mean
field spreading exponents [25] are
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FIG. 3. Spatiotemporal patterns of events from natural time-
varying images resemble a percolation process. An illustrative
example of DVS events from a diver (left) (events are colored by
their time step, progressing from red to blue as the time
advances). Three snapshots of the DVS events at different
moments: 1 s (red), beginning their dive; 2.2 s (yellow), jumping
on the board; and 3.6 s (blue), flipping (right).

PHYSICAL REVIEW LETTERS 121, 058101 (2018)

058101-3



η ¼ 0; δ ¼ 1; z ¼ 1: ð4Þ

These exponents are related to the cascade size S and
duration T probability distribution exponents, which
are expected to be self-similar at criticality: PðSÞ ∼ S−γS
and PðTÞ ∼ T−γT . We first note that the probability of a
cascade surviving to t, QðtÞ, is the sum of all duration
probabilities with an equivalent or greater duration, that is,
QðtÞ ¼ R

T¼∞
T¼t PðTÞdT; thus,

PðTÞ ¼ −
dQðTÞ
dT

∼ T−ð1þδÞ: ð5Þ

Furthermore, the average size of a cascade is related to its
duration through

hSi ∼
Z

t¼T

t¼0

NðtÞ
QðtÞ dt ∼ T1þηþδ; ð6Þ

and, if the fluctuations are small around this proportion-
ality, then PðSÞdS ∼ PðTÞdT. Confining this relation
[Eqs. (5) and (6)] gives

PðSÞ ∼ T−ð1þηþ2δÞ ∼ S½−ð1þηþ2δÞ=ð1þηþδÞ�: ð7Þ

Finally, using the mean field DP exponents [Eq. (4)], the
scaling relations for the exponents γT and γS characterizing
the duration and size of the cascade, respectively, are

γT ¼ 1þ δ ¼ 2 ð8Þ
and

γS ¼
1þ ηþ 2δ

1þ ηþ δ
¼ 3=2: ð9Þ

We now show that the observed pattern dynamics of
NTVI satisfy these critical exponents and belong to the
universality class of DP. The size, duration, and mean
squared displacement of all cascades detected in individual
natural time-varying images are pooled across the ensem-
ble. As shown in Figs. 4(a) and 4(b), the cascade size and
duration probability densities (red circles) appear to follow
a power law relation spanning 4 and 2 orders of magnitude,
respectively. The finite-size cutoff at T ∼ 103 × Δt ∼ 15 s
suggests that some cascades span an entire movie. We
further demonstrate that the result is not due to our analysis
techniques by replacing each pixel with a Poisson process,
destroying the power law relationship [Figs. 4(a) and 4(b),
blue crosses]. Furthermore, the close fit to a power law is
confirmed by the complementary cumulative distribution
function PðX ≥ xÞ, which also shows a power law dis-
tribution [Figs. 4(a), inset and 4(b), inset].
We test these distributions by implementing maximum

likelihood estimators [27] to fit the exponents and find γS ¼
1.500� 0.001 and γT ¼ 2.1� 0.1 in agreement with the
derived DP exponents of γS ¼ 3=2 and γT ¼ 2 [24,25]. As
the maximum likelihood estimator provides only an esti-
mate of the exponent, we compare the log-likelihood ratios

(LLRs) between a power law and log-normal distribution.
We find that the LLRs are positive for both size and
duration distributions, suggesting that the distributions are
very heavy tailed, indicative of a power law (p < 0.001,
Vuong test). Thus, the cascade size and duration distribu-
tions closely coincide with those of the derived DP
exponents.
The aforementioned analyses demonstrate that cascades

of activity in NTVI possess power law distributions. It is
interesting to note that the same size and duration expo-
nents have been found in neuronal avalanches, which can
be viewed as a critical branching process [28,29]. The
branching process of neuronal avalanches has been related
to a diverging specific heat [13]. As our analysis of NTVI
focuses on propagating, spatiotemporally contiguous pat-
terns, by characterizing these patterns, we can use the
hyperscaling relation involving MSD, ηþ 2δ ¼ dz=2,
which is unique to DP, to distinguish between other critical
phenomena [24,25]. Thus, to complete the characterization
of DP, we ask whether the spatiotemporally contiguous
cascades satisfy the theoretical DP MSD exponent and
scaling relation between the cascade size and duration
[Eq. (6)]. As shown in Figs. 4(c) and 4(d), the MSDðTÞ and
mean cascade size for a given duration both appear to
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FIG. 4. Spatiotemporal cascades of natural time-varying images
belong to the universality class of DP. (a),(b) Probability density
functions for all detected cascade sizes and durations (red circles)
detected in individual movies and pooled across the ensemble.
Inset, complementary cumulative density functions of the same
data. The distributions closely follow the DP mean field ex-
ponents γS ¼ 1.5 and γT ¼ 2 (dotted black line). Replacing each
DVS pixel with a Poisson process destroys the power law
relationship (blue crosses). We present results for rS ¼ 15 pixels
and rT ¼ 30 pixels; however, the results are robust to parameter
variation. (c) Scatter plots of MSDðTÞ against T; SEM are within
the size of plotted points (red error bars) and well fitted to the DP
exponent z ¼ 1 (dotted black line). (d) Scatter plots of mean
cascade size hSiðTÞ against T (red error bars) are well fitted to the
DP scaling relation hSi ∼ T2 (dotted black line).
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follow a power law relationship. We find MSDðTÞ ∼ Tz,
where z ¼ 1.0, and hSi ∼ Tα, where α ¼ 1.95 (nonlinear
least-squares fitting), both consistent with the derived mean
field DP values of z ¼ 1 and α ¼ 2, respectively.
In summary, by uniquely focusing on the spatiotemporal

patterns of NTVI, our study presents the first observation
that the collective spatiotemporal dynamics of NTVI are
critical and belong to the universality class of DP.
The DP property of natural stimuli indicates that there

exist spatiotemporal patterns with a range of sizes, par-
ticularly large percolating clusters. These dynamical pat-
terns as found in the DVS recordings are much larger than
local, Gabor-like filters often used in understanding signal
processing within the visual system [6]. Hence, segmenting
natural time-varying stimuli into such dynamical patterns
may be an efficient signal representation mechanism. In
addition, it has long been hypothesized that neural systems
are adapted to efficiently exploit the spatiotemporal struc-
tures of natural signals [30,31] such that the internal
dynamics of neural population activity is similar to that
of external environments [2,31]. Propagating patterns
belonging to DP represent a novel, dynamical property
for quantifying whether and how internal dynamics of the
brain match external environments. Indeed, clustered
activity patterns with similar propagating properties to
those found in NTVI have been observed at both meso-
scopic [32,33] and macroscopic levels [34,35] of neural
systems. These experimental observations suggest that it
would be interesting to analyze neural population activity
and test whether the spatiotemporal dynamics of neural
systems belong to the same universality class as natural
movies.
Finally, the ubiquity of such patterns in both natural

images and neural spatiotemporal activity leads us to
hypothesize that they might be essential for external inputs
to efficiently modulate internal neural activity to optimally
represent dynamical external environments. Such efficient
modulation may explain why criticality has been clearly
observed in the collective activity of retinal neurons
responding to naturalistic movies compared with other
artificial stimuli [20], suggesting that such driven retinal
activity might also exhibit DP properties.
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