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Abstract The present study used 1/f noise to examine
how spatial, physical, and timing constraints aVect planning
and control processes in aiming. Participants moved objects
of diVerent masses to diVerent distances at preferred speed
(Experiment 1) and as quickly as possible (Experiment 2).
Power spectral density, standardized dispersion, rescaled
range, and an autoregressive fractionally integrated moving
average (ARFIMA) model selection procedure were used
to quantify 1/f noise. Measures from all four analyses were
in reasonable agreement, with more ARFIMA (long-range)
models selected at peak velocity in Experiment 1 and fewer
selected at peak velocity in Experiment 2. There also was a
nonsigniWcant trend where, at preferred speed, of those par-
ticipants who showed 1/f noise, more tended to show 1/f
noise at peak velocity, when planning and control would
overlap most. This trend disappeared for fast movements,
where planning and control would have less time to over-
lap. Summing short-range processes at diVerent timescales
can produce 1/f-like noise. As planning is a slower-moving
process and control faster, present results suggest that, with
enough time for both planning and control, 1/f noise in aim-
ing may arise from a similar summation of processes.
Potential limitations of time series length in the present task
are discussed.

Keywords 1/f Noise · Long-range correlation · 
Fractal · Planning · Control

Introduction

There is recent evidence of long-range correlation, or 1/f
noise, in discrete aiming (Miyazaki et al. 2001) and that
this correlation occurs primarily during the initial stage of
the movement. 1/f noise (deWned in more detail below)
indicates that variability at one point in time is positively
correlated with variability at a later point, suggesting that
behavior on early trials aVects future behavior. According
to Miyazaki et al. (2001), 1/f noise at the start of the move-
ment may reXect the use of adjustment processes for initial
variability, where such adjustment serves to reduce later
error at the target (e.g., Gordon and Ghez 1987; Messier
and Kalaska 1999). In the evidence cited, however, there
was only one target distance, constant mass, and partici-
pants had to move as quickly as possible. This does not take
into account the spatial, physical, and timing constraints in
most common situations. With such constraints, it may be
that the pattern and intensity of 1/f noise changes through-
out the movement, implying that 1/f noise is perhaps con-
text dependent and reXects the use of more than one process
(e.g., planning and control). To further examine 1/f noise,
movement constraints, and planning and control processes,
the present study manipulated target distance, mass, and
timing constraints in a discrete aiming task.

Planning and control

Woodworth (1899) was the Wrst to suggest that aiming is
comprised of an initial impulse phase and an ongoing con-
trol phase, where the initial impulse brings the limb into
target range, and control adjusts movement trajectory based
on visual feedback to reach the target (see Elliott et al. 2001
for an overview; and Keele 1968 for review of processing-
based theory that built on Woodworth’s model). Thus, the
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planning stage of movement may be conceptualized as an
open-loop system; and the control stage, a closed-loop sys-
tem (Schmidt and Lee 2005). A plan patterns movement
instructions in advance and is not sensitive to environmen-
tal feedback, and control regulates movement online based
on the input of movement-produced feedback (i.e., sensory
information). It is assumed that planning is totally responsi-
ble for determining initial movement parameters, while
control exerts greater inXuence as the movement unfolds,
and that both stages overlap through time (see Desmurget
and Grafton 2000; Wolpert and Ghahramani 2000; Wolpert
et al. 1995).

The respective inXuence of planning and control also
depends on factors such as timing, availability of feedback,
and predictability. For instance, while control depends
heavily on feedback loops (i.e., visual and proprioceptive)
and will have greater inXuence when these loops have more
time to operate, planning is more inXuential during move-
ments of short duration (Glover 2004), as rapid actions
(whose timeframe is less than about 150 ms) do not allow
enough time to generate and detect an error signal, deter-
mine and initiate a correction, or complete the correction
before the movement’s end (Schmidt and Lee 2005). Uncer-
tainty about the availability of feedback, on the other hand,
may lead participants to adopt a more plan-based mode of
limb control, where participants might be preparing for a
‘worst-case scenario’ where no feedback would be available
(Hansen et al. 2006). And perhaps not surprisingly, the
more predictable the movement, the more it will draw upon
planning; the less so, the more planning will cede its inXu-
ence to control (Glover 2004). Glover (2004) gave the
example of running over uneven terrain, where the unpre-
dictable contour would not allow for sustained planning but
rather the increasing engagement of control processes.

1/f Noise: a new perspective

In a given movement, then, the crossover between planning
and control would involve variability, and variability often
is treated as error, both theoretically and statistically. How-
ever, patterns of serial correlation in variability may reveal
more sophisticated and organized phenomena (e.g., see
Ding et al. 2002; Farrell et al. 2006; Thornton and Gilden
2005; van Orden et al. 2003; Wagenmakers et al. 2004).
For example, at a neural level, diVerent movement tasks
(synchronized vs. syncopated tapping) showing a diVerent
degree of correlation perhaps involve distinct time-keeping
mechanisms (see Ding et al. 2002). At a more conscious
level, shifting patterns of correlation might reXect modiWed
strategy in temporal estimation (see Wagenmakers et al.
2004). And at a systems level, correlation might result
when interacting components self-organize at diVerent
timescales (see van Orden et al. 2003).

Serial correlations in human performance, such as in
threshold discrimination tasks, have been studied for some
time (e.g., see Merrill and Bennett 1956; Verplanck et al.
1952; Weiss et al. 1955), and much of the work has led to the
conclusion that serial correlations are small and transitory,
tending to quickly decay (e.g., Laming 1968, 1979a). How-
ever, a certain type of serial dependence (1/f, or ‘pink’, noise)
signals the presence of long-range correlation in a data set,
where variability at one time point is correlated with variabil-
ity at a later point. That is, what a person does on trial 1 may
have a direct physical and psychological impact on what that
person does on all future trials. Thus, current behavior could
be explained by past behavior (Wagenmakers et al. 2004).
Other types of long-range correlation, such as ‘blue’ noise
(where variability Xuctuates above and below the mean),
have been found in addition to 1/f noise in human perfor-
mance (e.g., in walking stride interval; see HausdorV et al.
1996). Both types of noise, pink and blue, are distinguished
from white noise (i.e., noncorrelated variability).

Recently, Miyazaki et al. (2001) presented evidence that
1/f noise in the initial kinematic markers (i.e., peak acceler-
ation and velocity) of a discrete aiming task was stronger
and diminished over the time course of the movement, van-
ishing when participants reached the target. The authors
inferred that, because the function of adjustments for initial
kinematic variability seems to be error reduction in Wnal
movement amplitude, or increased consistency in total dis-
tance traveled (e.g., Gordon and Ghez 1987; Messier and
Kalaska 1999), long-range correlation of initial kinematics
may reXect the use of adjustment processes early in the
movement to increase accuracy later in the movement. In
other words, there is assumed to be a positive relationship
between early and late characteristics of the movement.1

The present study will proceed from the notion that such
adjustment processes in general serve to reduce variability
and, more signiWcantly, will posit that such processes
involve coordination between fundamental stages in the
movement (i.e., planning and control).

Summation of processes

Thus, to expand on the Wndings of Miyazaki et al. (2001),
we propose that 1/f noise in aiming reXects the operation of
both planning and control and that these processes operate
at diVerent timescales. As planning tends to be a slower-

1 Other researchers (e.g., Elliott et al. 1999), using kinematic analysis
and sudden perturbations to the movement or the target, have shown
that there is sometimes a negative relationship between early and late
characteristics of the movement. While these Wndings help to illumi-
nate the role of eVector or target characteristics in the use of adjustment
processes, the present study, using fractal time series analysis, will
begin from the notion that movement correction (whether early or late)
generally serves to reduce variability.
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moving process (i.e., movement strategy evolves across tri-
als) and control a faster-moving process (i.e., movement
adapts online to local circumstances; see Glover 2004), 1/f
noise may provide evidence of summation between the two.
To illustrate, consider a simple dice-throwing algorithm
(Voss as cited in Gardner 1978). Take three dice and throw
the Wrst die only rarely, the second die intermittently, and
the third die for every observation. Then sum the values for
the three dice. This time series will exhibit 1/f-like noise.
As aiming similarly consists of processes operating at
diVerent timescales (i.e., planning vs. control), it is plausi-
ble that 1/f noise in movement may arise from an analogous
superposition of variability.

In the present experiments, the hypothesis was that spa-
tial, physical, and timing constraints would reveal 1/f noise
beyond the initial stage of movement and that 1/f noise
would vary throughout movement as a function of time and
task. It was predicted that, across experiments, planning
and control processes would overlap most during the mid-
dle portion of the movement (i.e., at peak velocity), leading
to 1/f noise.

Experiment 1

This experiment examined aiming movements with varied
levels of mass and distance. Kinematic analysis was used to
determine how mass and distance aVected velocity proWles,
while fractal time series analysis was used to examine pat-
terns of variability at certain kinematic markers in the
movement trajectory (e.g. time to peak acceleration and
velocity) for evidence of time-dependent correlation.

Method

Participants 

Twelve undergraduate and three graduate students (10
males and 5 females) at Arizona State University partici-
pated in this experiment. Undergraduates participated in
exchange for course credit.

Design

Participants performed a discrete aiming task by moving
cylindrical objects to targets. There were 16 conditions com-
prised of four levels of object mass (300, 400, 500, and 600 g)
and four target distances (400, 500, 600, and 700 mm).

Apparatus

The apparatus consisted of a 61.0 cm £ 122 cm table
76.0 cm in height and four cylindrical objects (7.5 cm in

length, 4.5 cm in diameter), each with a diVerent level of
mass. Mass was manipulated with lead shot and foam. There
were four red light-emitting diodes, 0.8 cm in height and
0.5 cm in diameter, embedded in the surface of the table. The
start point was 12.5 cm from the right edge of the surface.
The table was covered with a translucent white cloth to pro-
vide a uniform appearance that eliminated any extra visual
cues. To record movement, two infrared light-emitting
diodes were attached to participants’ right index Wnger and
thumb, with an OPTOTRAK 3020 motion-tracking device
(Northern Digital, Waterloo, ON, Canada) capturing the sig-
nals emitted by these diodes at a sampling rate of 100 Hz.

Procedure

Participants stood approximately 12.0 cm from the right
edge of the long side of the table and grasped the object with
their right hand. Participants were aware that there would be
diVerent target distances and diVerent levels of object mass.
Once the experimenter instructed them to do so, participants
lifted the object with their right hand, moved the object left-
ward across the midline of their body, and placed the object
on the lit target. The target was lit prior to movement and
remained lit until the object reached the target. After partici-
pants placed the object on the target, the experimenter
removed the object from the table and replaced it with
another object at the original start point. There were 80 ran-
domized trials in total. There were no timing constraints on
the movement, and no feedback was provided. Participants
were allowed to rest if they became fatigued. All procedures
were carried out according to the principles of the Helsinki
Declaration and were approved by the Institutional Review
Board of Arizona State University.

Kinematic analysis

Tangential displacement values for x, y, and z coordinates
recorded with the OPTOTRAK were diVerentiated (i.e.,
instantaneous rates of change were calculated) to obtain the
velocity proWle for each movement and diVerentiated a sec-
ond time to obtain the acceleration proWle. Prior to diVeren-
tiation, displacement data were Wltered with a low-pass
Butterworth Wlter with a cutoV frequency of 12 Hz. Figure 1
illustrates typical proWles for distance, velocity, and acceler-
ation. Time to each kinematic marker (peak acceleration,
peak velocity, peak deceleration, and movement end) was
measured, as well as temporal variability, or the within-par-
ticipant standard deviation in time to each kinematic marker
(see Khan et al. 2002, who analyzed standard deviation in
distance traveled to each kinematic marker).

Time to each kinematic marker was analyzed with a 4
(mass) £ 4 (distance) £ 4 (kinematic marker) within-par-
ticipant repeated measures analysis of variance (ANOVA).
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Temporal variability was analyzed with a 4 (mass) £ 4
(distance) £ 4 (kinematic marker) within-participant
repeated measures ANOVA. Interactions were tested via
analysis of simple eVects. The Greenhouse–Geisser correc-
tion was used when the assumption of independence of
observations was violated, with corrected degrees of free-
dom reported where appropriate. A signiWcance criterion of
0.05 was used for all tests.

Fractal time series analysis

Fractal time series analysis was used to determine the
degree of long-range correlation in the times to each of the

four kinematic markers across the 80 trials per participant.
This was comprised of four analyses: power spectral den-
sity (PSD), standardized dispersion, rescaled range (R/S),
and autoregressive fractionally integrated moving average
(ARFIMA). After subtracting condition means from each
time series, these four analyses were used to provide con-
verging evidence of long-range correlation in the data (see
Rangarajan and Ding 2000 for discussion of an integrated
approach to assessing long-range correlation). The mean
autocorrelation function (ACF) at each kinematic marker
also was computed to determine the extent to which each
signal matched a time-shifted version of itself, based on the
amount of the shift [i.e., plotting the value of the autocorre-
lation C(k) at lag k], providing another measure of the serial
structure of each time series.

Power spectral density analysis was used to classify the
time series (to determine subsequent analysis) and establish
whether it was in the range of 1/f noise. From a fast Fourier
transform of the data, PSD analysis provided the slope of
log power as a function of log frequency, or the spectral
index (�), used to determine both signal class and fractal
dimension. The fractional Gaussian noise (fGn)/fractional
Brownian motion (fBm) dichotomous model was used to
deWne the signal: a fGn signal is stationary, indicating that
variance is constant; whereas a fBm signal is nonstationary,
indicating that variance increases with time (see Eke et al.
2000, 2002).

After establishing that the data were stationary and in the
range of 1/f noise, standardized dispersion analysis was
used to obtain a converging measure of fractal dimension,
DDisp, equivalent to �, where DDisp = 1 + (� + 1)/2 (for an
overview, see Bassingthwaighte 1988; Bassingthwaighte
and Raymond 1995; Holden 2005). The analysis began by
standardizing the raw data (the time to each kinematic
marker) using z scores. Then, the standard deviation (SD)
of the data was calculated at diVerent levels (or bins) of res-
olution. The size of the bin (m) refers to the number of adja-
cent trials over which SD was calculated. So, we began by
calculating SD for each non-overlapping adjacent pair
(m = 2) and then taking the average of those values. This
process was repeated for m = 4, 8, 16, and 32. The slope of
log SD(m) as a function of log m was calculated to deter-
mine fractal dimension, DDisp (DDisp = 1 ¡ slope). As PSD
and standardized dispersion analyses yielded similar fractal
dimensions, to be consistent, the averaged fractal dimen-
sion (the averaged D) across the two analyses was calcu-
lated.

After calculating the averaged fractal dimension across
PSD and standardized dispersion analyses for each partici-
pant at each kinematic marker, a single-sample t test was
used to test if mean averaged D was signiWcantly diVerent
from 1.50, or white noise. Following Holden (2005), where
the averaged D diVered from 1.50, 10 surrogate (reshuZed)

Fig. 1 Typical velocity proWles. From top to bottom: distance, velocity,
and acceleration as a function of movement time (from Experiment 1)
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data sets were used to conWrm that long-range correlation
was not random (i.e., the order of the original time series
was reshuZed ten times, each time computing the average
fractal dimension of each surrogate). To determine the rela-
tive degree of correlation at each kinematic marker, where
the averaged D diVered from 1.50 at more than one kine-
matic marker, paired t tests were used to test if the averaged
D values at these markers were signiWcantly diVerent.

As fractal time series analysis based on only mean val-
ues may obscure nonrandom correlation at an individual
level (e.g., see HausdorV et al. 1996), a binomial test also
was used to categorize participants by kinematic marker
into two groups: those with an averaged D of less than 1.50,
signaling 1/f noise, and those with an averaged D of 1.50 or
greater, signaling either white noise or blue noise (i.e., anti-
correlation, or positive values followed by negative values).
This test was used to determine whether 1/f noise was
exhibited by a signiWcant majority at any kinematic marker.

Finally, R/S and ARFIMA were used. R/S is similar to
standardized dispersion analysis in that it uses consecutive
partitions (bins) on a times series; however, unlike stan-
dardized dispersion analysis, R/S compares the range
between the largest and smallest values over a partition to
the length of that partition (Killeen 2005). This range is
then divided by the SD of values in the bin. R/S yielded
another converging measure of fractal dimension, the Hurst
coeYcient (H), estimated using the slope of a linear regres-
sion Wtted on a log(mean R/S) by log(length of bin) plot
equivalent to both � and DDisp, where DDisp = 2 ¡ H. As
with the averaged D, a single-sample t test was used to test
if mean H was signiWcantly diVerent from 0.50, or white
noise; where mean H diVered from 0.50, surrogate data sets
were used to conWrm that long-range correlation was not
random; and to determine the relative degree of correlation
at each kinematic marker, where mean H diVered from 0.50
at more than one kinematic marker, paired t tests were used
to test if mean H values at these markers were signiWcantly
diVerent.

ARFIMA, on the other hand, estimated long-range cor-
relation by incorporating short-range processes (via the
autoregressive parameters p and moving average parame-
ters q) and a long-range process (via the fractional diVer-
encing parameter d), where the ARMA (p, q) component
described short-range processes; and the d parameter,
related to �, DDisp, and H by the equation � = 2d, quantiWed
the degree of long-range correlation (i.e., when d = 0, there
was no correlation; when 0 < d < 0.5, the series was station-
ary with correlation; when d ¸ 0.5, the series was non-
stationary; see Wagenmakers et al. 2004 for a more
comprehensive treatment). An ARFIMA model selection
procedure (see Wagenmakers et al. 2005) was used that
involved Wtting 18 models to each time series at each kine-
matic marker. Nine of the models were ARMA (p, q) mod-

els, where p and q varied from 0 to 2; the other nine models
were the corresponding ARFIMA (p, d, q) models. If long-
range correlation was present in the time series, then ARF-
IMA versus ARMA models would better Wt the data, with d
signiWcantly diVerent from 0. Basing this test on a wide
range of ARFIMA models is important, as correct speciW-
cation of p and q permits more precise estimation of d
(Taqqu and Teverovsky 1998; Wagenmakers et al. 2005).

The Akaike information criterion (AIC: Akaike 1973)
and Bayes information criterion (BIC) were used to evalu-
ate the tradeoV between accuracy and parsimony in model
selection (i.e., where the best model giving a good account
of the data contained a minimum number of free parame-
ters). In the case of AIC, for example, computed according
to the equation AIC = ¡2logL +2k, where L is the maxi-
mum likelihood of the model and k the number of free
parameters plus an additional variance parameter
[k = p + q + 1 for ARMA (p, q) and k = p + q + 2 for ARF-
IMA (p, d, q)], there is a reward for accuracy in the Wrst
term of the AIC and a penalty for lack of parsimony in the
second term. Better models are assumed to be characterized
by lower AIC values. BIC is similar to AIC, with the excep-
tion that BIC, deWned as BIC = ¡2logL + klogN, where N is
the number of observations in the time series, should more
severely penalize complex models (see Torre et al. 2007 for
an overview).

After obtaining raw values for both AIC and BIC, these
values were transformed into weights (see Wagenmakers
and Farrell 2004). To select the best model among m candi-
dates, then, the diVerence between the criterion for each
model and the best model was computed; this diVerence
was converted to an estimate of relative likelihood; and this
relative likelihood was normalized into a weight. The
resulting weights represented the probability of the ith
model being the best model (Wagenmakers and Farrell
2004), where the weights in a given set of models sum to 1.
If there was long-range correlation in the data, then the
ARFIMA model would have the largest weight, and the
sum of the ARFIMA model weights would be greater than
the sum of the ARMA model weights. Model Wtting was
accomplished using the ARFIMA package (Doornik and
Ooms 1999; Ooms and Doornik 1998) for the matrix com-
puting language Ox (Doornik 2001).

Results

Kinematic analysis

Mean movement times across kinematic markers are shown
in Fig. 2. There were signiWcant eVects of distance
(F3,42 = 85.66, P < 0.05, �2 = 0.86) and kinematic marker
(F1.21,17.02 = 179.64, P < 0.05, �2 = 0.92), with a signiWcant
distance £ kinematic marker interaction (F1.99,27.95 = 27.32,
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P < 0.05, �2 = 0.66). Simple eVects analysis of this interac-
tion showed that there was an increase in time to peak
velocity (F3,42 = 23.94, P < 0.05, �2 = 0.63), time to peak
deceleration (F3,42 = 40.08, P < 0.05, �2 = 0.74), and time
to movement end (F1.28,17.97 = 73.06, P < 0.05, �2 = 0.83) as
distance increased from 400 to 700 mm. All other eVects
were not signiWcant. There were no diVerences between
male and female participants throughout (e.g., see Hansen
et al. 2007 for discussion of gender-related diVerences in
the use of planning and control).

Temporal variability across kinematic markers is shown
in Fig. 3. There were signiWcant eVects of distance
(F3,42 = 5.18, P < 0.05, �2 = 0.27) and kinematic marker
(F3,42 = 9.70, P < 0.05, �2 = 0.40), with a signiWcant
distance £ kinematic marker interaction (F3.39,47.49 = 3.12,
P < 0.05, �2 = 0.18). There was a marginally signiWcant lin-
ear trend, where variability tended to increase as the move-
ment progressed (F1,14 = 3.51, P = 0.08, �2 = 0.20) and a
signiWcant quadratic trend (F1,14 = 5.69, P < 0.05,
�2 = 0.28), where variability decreased after peak decelera-

tion to movement end. This leveling oV and collapse in var-
iability toward the end of the movement suggests greater
inXuence of control as the movement unfolded (e.g., see
Elliott et al. 2004).

Fractal time series analysis

Figure 4 shows a sample time series. Figures 5 and 6 show
the mean ACF and power spectrum, respectively. Table 1
shows mean values for PSD, standardized dispersion, R/S,
and ARFIMA. Applying PSD analysis to the data resulted
in a mean � of greater than ¡1 and less than 1 at all four
kinematic markers, classifying each signal as fGn, or sta-
tionary. As a measure of fractal dimension, the mean � of
greater than ¡1 and less than 0 at all four kinematic mark-
ers indicated that the data were in the range of 1/f noise (see
Eke et al. 2000, 2002).

Standardized dispersion analysis showed that mean DDisp

was equal to or greater than 1.20 and less than 1.50 at peak
velocity, indicating the presence of 1/f noise (see van Orden
et al. 2003), but not at the other three kinematic markers.
After the averaged fractal dimension across PSD and stan-
dardized dispersion analysis was calculated for each partic-
ipant, a single-sample t test showed that mean averaged D
was signiWcantly diVerent from 1.50 at peak velocity
[t(14) = ¡2.28, P < 0.05] but not at the other three kine-
matic markers [t(14) = 0.963, P < 0.05 at peak acceleration;
t(14) = ¡0.190, P < 0.05, at peak deceleration; t(14) =
1.82, P < 0.05, at movement end]. Surrogate data sets were
signiWcantly diVerent from the original data set at peak
velocity, conWrming that long-range correlation was not
random (P < 0.05).

Results of the binomial test were not signiWcant (with a
criterion of 12 of the 15 participants needed to deWne a cat-
egory), indicating that 1/f noise was not exhibited by a sig-
niWcant majority at any kinematic marker. However, a trend
began to emerge. Of those participants with an averaged D
of less than 1.50, there were Wve at peak acceleration, nine
at peak velocity, eight at peak deceleration, and four at

Fig. 2 Experiment 1: Mean movement times (in milliseconds) at each
kinematic marker and target distance
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Fig. 3 Experiment 1: Temporal variability (SD in milliseconds) at
each kinematic marker and target distance
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Fig. 4 Experiment 1: Sample time series from one participant (time to
peak velocity)
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movement end, suggesting that the occurrence of 1/f noise
at an individual level was more frequent when planning and
control would overlap to the greatest degree (i.e., at peak
velocity). As for those participants with an averaged D of
1.50 or greater, ten showed blue noise at peak acceleration,
two showed white and four showed blue noise at peak
velocity, seven showed blue noise at peak deceleration, and

one showed white and ten showed blue noise at movement
end, suggesting that the occurrence of another type of long-
range correlation (i.e., blue noise) at an individual level was

Fig. 5 Experiment 1: Mean autocorrelation function at each kinematic
marker. Autocorrelation C(k) as a function of lag k at (a) time to peak
acceleration, (b) time to peak velocity, (c) time to peak deceleration,
and (d) time to movement end
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Fig. 6 Experiment 1: Mean power spectrum at each kinematic mark-
er. Log of the power as a function of log of the frequency at (a) time to
peak acceleration, (b) time to peak velocity, (c) time to peak decelera-
tion, and (d) time to movement end
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more frequent when a single process would be more promi-
nent (e.g., planning at peak acceleration and control at
movement end).

R/S showed that mean H was greater than 0.50 and equal
to or less than 0.80 at all four kinematic markers, indicating
the presence of 1/f noise. A single-sample t test showed that
mean H was signiWcantly diVerent from 0.50 at all four
kinematic markers [t(14) = 9.97, P < 0.05, at peak accelera-
tion; t(14) = 18.41, P < 0.05, at peak velocity; t(14) =
12.98, P < 0.05, at peak deceleration; t(14) = 10.50,
P < 0.05, at movement end]. Surrogate data sets were sig-
niWcantly diVerent from the original data set at all four
kinematic markers (P < 0.05). Furthermore, subsequent
paired t tests showed that mean H at peak velocity was sig-
niWcantly higher than mean H at the other three kinematic
markers [t(14) = ¡3.07, P < 0.05, vs. peak acceleration;
t(14) = 3.02, P < 0.05, vs. peak deceleration; t(14) = 3.55,
P < 0.05, vs. movement end]. These results provided fur-
ther evidence of long-range correlation in the data and that
the degree of correlation was highest at peak velocity.
However, results from R/S should be interpreted more cau-
tiously than those of PSD and standardized dispersion anal-
yses, as R/S tends to yield a biased estimate of fractal
dimension (e.g., overestimation of H for time series with
H < 0.70 and underestimation of H for H > 0.70; see Caccia
et al. 1997).

Main results of ARFIMA model selection are shown in
Table 2. For peak acceleration, AIC preferred an ARFIMA
model for six series (40%), with d signiWcantly diVerent
from 0; and nine series (60%), with d not signiWcantly
diVerent from 0. BIC preferred an ARFIMA model for four
series (26.7%), with d signiWcantly diVerent from 0; and 11
series (73.3%), with d not signiWcantly diVerent from 0.
The mean weight for the best ARFIMA models (i.e., with a
signiWcant d) was 0.22 (SD = 0.10) for AIC and 0.55
(SD = 0.13) for BIC, while the mean sum of weights for

ARFIMA models was 0.77 (SD = 0.10) for AIC and 0.88
(SD = 0.07) for BIC. That the mean sums were reasonably
close to 1.00 suggests a greater probability that the ARF-
IMA model is the best model (see Torre et al. 2007). Esti-
mating d from the best model selected among the ARFIMA
candidate models resulted in a mean d of 0.27 (SD = 0.08)
for AIC that corresponds to an H value of 0.77 and a mean
d of 0.24 (SD = 0.13) for BIC that corresponds to an H
value of 0.74. These mean H values were consistent with
measures of fractal dimension obtained using the other
three time series analyses.

For peak velocity, AIC preferred an ARFIMA model for
nine series (60%), with d signiWcantly diVerent from 0; and
six series (40%), with d not signiWcantly diVerent from 0.
BIC preferred an ARFIMA model for eight series (53.3%),
with d signiWcantly diVerent from 0; and seven series
(46.7%), with d not signiWcantly diVerent from 0. The mean
weight for the best ARFIMA models was 0.22 (SD = 0.06)
for AIC and 0.62 (SD = 0.13) for BIC, while the mean sum
of weights for ARFIMA models was 0.73 (SD = 0.06) for
AIC and 0.92 (SD = 0.02) for BIC. Estimating d from the
best model selected among the ARFIMA candidate models
resulted in a mean d of 0.25 (SD = 0.08) for AIC that corre-
sponds to an H value of 0.75 and a mean d of 0.22
(SD = 0.04) for BIC that corresponds to an H value of 0.72.
These mean H values were consistent with measures of
fractal dimension obtained using the other three time series
analyses.

For peak deceleration, AIC preferred an ARFIMA
model for seven series (46.7%), with d signiWcantly diVer-
ent from 0; seven series (46.7%), with d not signiWcantly
diVerent from 0; and an ARMA (2, 0, 1) model for one
series (6.60%). BIC preferred an ARFIMA model for Wve
series (33.3%), with d signiWcantly diVerent from 0; and ten
series (66.7%), with d not signiWcantly diVerent from 0.
The mean weight for the best ARFIMA models was 0.24

Table 1 Experiment 1: Mean values for PSD, standardized disper-
sion, R/S, and preferred ARFIMA models at each kinematic marker

Value within the parentheses indicates a single preferred model
a Within the range of 1/f noise
b Within the range of 1/f noise, where d was signiWcantly diVerent
from 0

Peak 
acceleration

Peak 
velocity

Peak 
deceleration

Movement 
end

PSD (�) ¡0.24a ¡0.35a ¡0.20a ¡0.12a

Standardized

Dispersion (DDisp) 1.50 1.44a 1.51 1.54

R/S (H) 0.73a 0.80a 0.76a 0.74a

ARFIMA—AIC (d) 0.27b 0.25b 0.29b 0.26b

ARFIMA—BIC (d) 0.24b 0.22b 0.21b (0.17)

Table 2 Experiment 1: ARFIMA models percentage preferred, mean
weight of models, and mean sum of weights for AIC and BIC criteria
at each kinematic marker

Where d was signiWcantly diVerent from 0

Values within the parentheses indicate a single preferred model

Peak 
acceleration

Peak 
velocity

Peak
deceleration

Movement
end

Preferred—AIC (%) 40 60 46.7 20

Preferred—BIC (%) 26.7 53.3 33.3 6.6

Mean weight—AIC 0.22 0.22 0.24 0.31

Mean weight—BIC 0.55 0.62 0.64 (0.54)

Mean sum of 
weights—AIC

0.77 0.73 0.73 0.81

Mean sum of 
weights—BIC

0.88 0.92 0.86 (0.92)
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(SD = 0.03) for AIC and 0.64 (SD = 0.02) for BIC, while
the mean sum of weights for ARFIMA models was 0.73
(SD = 0.04) for AIC and 0.86 (SD = 0.05) for BIC. Esti-
mating d from the best model selected among the ARFIMA
candidate models resulted in a mean d of 0.29 (SD = 0.22)
for AIC that corresponds to an H value of 0.79 and a mean
d of 0.21 (SD = 0.03) for BIC that corresponds to an H
value of 0.71. These mean H values were consistent with
measures of fractal dimension obtained using the other
three time series analyses.

For movement end, AIC preferred an ARFIMA model
for three series (20%), with d signiWcantly diVerent from 0;
and 12 series (80%), with d not signiWcantly diVerent from
0. BIC preferred an ARFIMA model for one series
(6.60%), with d signiWcantly diVerent from 0; and 14 series
(93.4%), with d not signiWcantly diVerent from 0. The mean
weight for the best ARFIMA models was 0.31 (SD = 0.24)
for AIC, with a weight of 0.54 for BIC, while the mean sum
of weights for ARFIMA models was 0.81 (SD = 0.05) for
AIC, with a sum of 0.92 for BIC. Estimating d from the
best model selected among the ARFIMA candidate models
resulted in a mean d of 0.26 (SD = 0.11) for AIC that corre-
sponds to an H value of 0.76 and a d of 0.17 for BIC that
corresponds to an H value of 0.67. These mean H values
were consistent with measures of fractal dimension
obtained using the other three time series analyses.

To summarize, the percentage of preferred ARFIMA
models at each kinematic marker was somewhat low,
aVecting the ability to more strongly conclude that long-
range correlation characterizes each time series (see Torre
et al. 2007, who suggest rejecting the hypothesis of long-
range correlation in the data if the percentage of preferred
ARFIMA models is less than 70% using AIC and less than
90% using BIC). Nevertheless, the higher percentage (60%
for AIC and 53.3% for BIC) of preferred ARFIMA models
at peak velocity suggested greater frequency of long-range
correlation at this kinematic marker. Also, given the mean
sums of the ARFIMA weights (Torre et al. 2007 again sug-
gested threshold values for long-range correlation of
approximately 0.70 for AIC and 0.90 for BIC), the reason-
able correspondence between d and other obtained mea-
sures of fractal dimension, and the observation that only 1
of the 60 total time series was classiWed as an ARMA pro-
cess by either AIC or BIC criteria, these results further sug-
gested the likelihood of long-range correlation in the data.

Discussion

Historically, kinematic analysis has been used to make gen-
eral inferences about planning and control. For example,
the initial selection of a movement parameter, such as
velocity (reXected in a particular velocity proWle), would be
viewed as evidence of a plan, while the in-Xight adjustment

of this parameter (reXected in changes to the shape of that
proWle) would be viewed as evidence of control (see Glover
2004 for an overview). Kinematic analysis in the present
experiment showed that, with no time constraint, there was
no eVect of mass and that temporal variability continued to
increase from peak acceleration to peak deceleration, after
which it decreased, suggesting greater inXuence of control
(e.g., see Elliott et al. 2004).

Like kinematic analysis, fractal time series analysis
focuses on the temporal aspects of movement. However,
fractal time series analysis provides a method of examin-
ing how a movement parameter, such as time to peak
velocity, might be autocorrelated as the movement pro-
gresses (reXected in a particular pattern of correlation
across trials, e.g., 1/f noise) and permits further inferences
about the time course of parameter selection (i.e., plan-
ning) and parameter adjustment (i.e., control). Fractal time
series analysis in the present experiment, based Wrst on
mean averaged fractal dimension, showed that 1/f noise
was exhibited only at peak velocity. R/S, based on mean H,
further showed that the intensity of 1/f noise was greatest
at peak velocity. And ARFIMA, based on the long-range
parameter d, showed that ARFIMA models were preferred
more frequently at peak velocity versus the other kine-
matic markers. Results from these separate analyses sug-
gest that long-range correlation occurred—and was most
prominent—at a time in the movement when adjustments
for early variability were not separate from but coordi-
nated with adjustments for later variability. As 1/f-like
noise has been produced by summing short-range pro-
cesses at diVerent timescales (Gardner 1978), and planning
tends to be slower and control faster, the prominence of 1/f
noise at peak velocity may provide evidence of an analo-
gous summation of processes.

To further highlight peak velocity, a binomial test,
although not signiWcant, also revealed an emerging trend:
of those participants with an averaged fractal dimension of
less than 1.50, there were more at peak velocity than at the
other three kinematic markers. This suggests that the occur-
rence of 1/f noise at an individual level was more frequent
when planning and control would perhaps coordinate to the
greatest degree. The binomial test revealed another emerg-
ing trend, however: of those participants with an averaged
fractal dimension of greater than 1.50, there were more
showing blue noise at peak acceleration and movement end.
This suggests that the occurrence of this other type of long-
range correlation at an individual level was more frequent
when a single process would be more prominent. Blue
noise bears further mention, as it has been found in addition
to 1/f noise in other types of human performance (e.g.,
stride-to-stride Xuctuations in human locomotion at pre-
ferred speed; see HausdorV et al. 1996, re-analyzed at an
individual level by Scafetta et al. 2003).
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In the HausdorV et al. (1996) study, four of the ten par-
ticipants continually shifted their stride interval, longer and
shorter around an average. In the present study, a similar
pattern of blue noise was observed systematically (10 of 15
participants at peak acceleration and 10 of 15 at movement
end), perhaps reXecting a feature of variability in repeated
arm movements that involves an analogous shifting—that
of force and timing. To illustrate, the impulse-timing
hypothesis posits that a generalized motor program (i.e., an
abstract representation that initiates and adjusts a coordi-
nated movement sequence; see Schmidt and Lee 2005)
speciWes when the muscles become active/inactive and the
degree of force to use, thereby controlling impulses, or
bursts of force, over time.

Thus, it may be that blue noise occurred as participants
continued to calibrate their movement at peak acceleration
and movement end on a trial-by-trial basis across all trials;
that is, movement that was ‘too fast’ with ‘too much force’
on one trial was followed by movement that was ‘too slow’
with ‘not enough force’ on the next trial. This shifting
between faster and slower movements would then Xuctuate
around an average level of force and timing.

Experiment 2

This experiment examined how a time-minimization con-
straint interacted with mass and distance to inXuence move-
ment. When feedback loops (i.e., visual and proprioceptive)
have less time to operate, control will have less inXuence,
and there will be greater reliance on planning as the move-
ment unfolds. Thus, it was predicted that there would be
less evidence of superposed processes, or less prominent
occurrence of 1/f noise. As in Experiment 1, kinematic
analysis was used to determine how mass and distance
aVected velocity proWles, while fractal time series analysis
was used to examine patterns of variability at certain kine-
matic markers in the movement trajectory.

Method

Participants

Twelve undergraduate and two graduate students (8 males
and 7 females) at Arizona State University participated in
this experiment. Undergraduates participated in exchange
for course credit.

Design and procedure

The design used in Experiment 1 was the same as that of
Experiment 2, and the procedure was the same, with the
exception that participants moved as quickly as possible.

Analysis

The analyses used in Experiment 2 were the same as those
of Experiment 1.

Results

Kinematic analysis

Mean movement times across kinematic markers are shown
in Fig. 7. There were signiWcant eVects of mass
(F3,39 = 13.84, P < 0.05, �2 = 0.53), distance (F3,39 = 71.13,
P < 0.05, �2 = 0.85), and kinematic marker (F1.25,15.01 =
449.09, P < 0.05, �2 = 0.97), with a signiWcant mass £
kinematic marker (F3.99,47.99 = 7.04, P < 0.05, �2 = 0.32)
interaction. Simple eVects analysis of this interaction
showed that, as mass increased from 300 to 600 g, mean
movement time increased from 133.45 to 156.10 ms at peak
acceleration (F2.12,27.60 = 8.32, P < 0.05, �2 = 0.39); 313.23
to 348.32 ms at peak velocity (F3,39 = 15.06, P < 0.05,
�2 = 0.53); 525.55 to 568.90 ms at peak deceleration
(F3,39 = 8.85, P < 0.05, �2 = 0.40); and 750.86 to 759.86 ms
at movement end (F3,39 = 7.90, P < 0.05, �2 = 0.37). All
other eVects were not signiWcant. There were no diVerences
between male and female participants throughout.

Temporal variability across kinematic markers is shown
in Fig. 8. There was a signiWcant eVect of kinematic marker
(F1.66,21.69 = 36.81, P < 0.05, �2 = 0.73). In contrast to
Experiment 1, there was a signiWcant linear trend, where
variability increased as the movement progressed
(F1,14 = 66.35, P < 0.05, �2 = 0.83), but there was no sig-
niWcant quadratic trend (F1,14 = 1.34, P < 0.05, �2 = 0.09).
This lack of a collapse in variability after peak deceleration
suggests less inXuence of control as the movement
unfolded (e.g., see Elliott et al. 2004), and smaller variabil-
ity at each kinematic marker compared to Experiment 1 fur-
ther suggests less overall reliance on control.

Fig. 7 Experiment 2: Mean movement times (in milliseconds) at each
kinematic marker and target distance
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Fractal time series analysis

Figure 9 shows a sample time series. Figures 10 and 11
show the mean ACF and power spectrum, respectively.
Table 3 shows mean values for PSD, standardized disper-
sion, R/S, and ARFIMA. Similar to Experiment 1, applying
PSD analysis to the data resulted in a mean � of greater
than ¡1 and less than 1 at all four kinematic markers, clas-
sifying each signal as fGn, or stationary. As a measure of
fractal dimension, the mean � of greater than ¡1 and less
than 0 at all four kinematic markers indicated that the data
were in the range of 1/f noise.

Standardized dispersion analysis showed that mean DDisp

was not equal to or greater than 1.20 and less than 1.50 at
any of the four kinematic markers, indicating an absence of
1/f noise. After the averaged fractal dimension across PSD
and standardized dispersion analysis was calculated for
each participant, a single-sample t test also showed that
mean averaged D was not signiWcantly diVerent from 1.50
at any of the four kinematic markers [t(14) = 0.946,
P < 0.05, at peak acceleration; t(14) = 0.224, P < 0.05, at
peak velocity; t(14) = 0.931, P < 0.05, at peak deceleration;
t(14) = 0.685, P < 0.05, at movement end].

Results of the binomial test were not signiWcant (with a
criterion of 11 of the 14 participants needed to deWne a cat-
egory), indicating that 1/f noise was not exhibited by a sig-
niWcant majority at any kinematic marker. However, in
contrast to Experiment 1, of those participants with an aver-
aged D of less than 1.50, there were seven at peak accelera-

Fig. 8 Experiment 2: Temporal variability (SD in milliseconds) at
each kinematic marker and target distance
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Fig. 9 Experiment 2: Sample time series from one participant (time to
peak velocity)
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Fig. 10 Experiment 2: Mean autocorrelation function at each kine-
matic marker. Autocorrelation C(k) as a function of lag k at (a) time to
peak acceleration, (b) time to peak velocity, (c) time to peak decelera-
tion, and (d) time to movement end
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tion, eight at peak velocity, seven at peak deceleration, and
seven at movement end. This suggests that 1/f noise may
not have become prominent at peak velocity because there

was not enough time for planning and control to signiW-
cantly overlap. As for those participants with an averaged
D of 1.50 or greater, two showed white and Wve showed
blue noise at peak acceleration, six showed blue noise at
peak velocity, seven showed blue noise at peak decelera-
tion, and seven showed blue noise at movement end.

R/S showed that mean H was greater than 0.50 and equal
to or less than 0.80 at all four kinematic markers, indicating
the presence of 1/f noise. A single-sample t test showed that
mean H was signiWcantly diVerent from 0.50 at all four
kinematic markers [t(14) = 8.31, P < 0.05, at peak accelera-
tion; t(14) = 11.12, P < 0.05, at peak velocity;
t(14) = 10.42, P < 0.05, at peak deceleration; t(14) = 9.14,
P < 0.05, at movement end]. Surrogate data sets were sig-
niWcantly diVerent from the original data set at all four
kinematic markers (P < 0.05). These results provided fur-
ther evidence of long-range correlation in the data. As in
Experiment 1, however, results from R/S should be inter-
preted more cautiously than those of PSD and standardized
dispersion analyses, as R/S tends to yield a biased estimate
of fractal dimension.

Main results of ARFIMA model selection are shown in
Table 4. For peak acceleration, AIC preferred an ARFIMA
model for eight series (57.1%), with d signiWcantly diVerent
from 0; and six series (42.9%), with d not signiWcantly
diVerent from 0. BIC preferred an ARFIMA model for Wve
series (35.7%), with d signiWcantly diVerent from 0; and
nine series (64.3%), with d not signiWcantly diVerent from 0.
The mean weight for the best ARFIMA models was 0.27
(SD = 0.13) for AIC and 0.56 (SD = 0.17) for BIC, while the
mean sum of weights for ARFIMA models was 0.75
(SD = 0.06) for AIC and 0.84 (SD = 0.10) for BIC. That the
mean sums were reasonably close to 1.00 suggests a greater
probability that the ARFIMA model is the best model. Esti-
mating d from the best model selected among the ARFIMA
candidate models resulted in a mean d of 0.25 (SD = 0.04)
for AIC that corresponds to an H value of 0.75 and a mean d
of 0.23 (SD = 0.04) for BIC that corresponds to an H value

Fig. 11 Experiment 2: Mean power spectrum at each kinematic mark-
er. Log of the power as a function of log of the frequency at (a) time to
peak acceleration, (b) time to peak velocity, (c) time to peak decelera-
tion, and (d) time to movement end
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Table 3 Experiment 2: Mean values for PSD, standardized disper-
sion, R/S, and preferred ARFIMA models at each kinematic marker

a Within the range of 1/f noise
b Within the range of 1/f noise, where d was signiWcantly diVerent
from 0;

Peak 
acceleration

Peak 
velocity

Peak 
deceleration

Movement 
end

PSD (�) ¡0.20a ¡0.20a ¡0.13a ¡0.21a

Standardized

Dispersion (DDisp) 1.60 1.51 1.53 1.53

R/S (H) 0.73a 0.78a 0.77a 0.76a

ARFIMA—AIC (d) 0.25b 0.26b 0.32b 0.25b

ARFIMA—BIC (d) 0.23b 0.30b 0.20b 0.25b
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of 0.73. These mean H values were consistent with measures
of fractal dimension obtained using PSD and R/S analyses.

For peak velocity, AIC preferred an ARFIMA model for
two series (14.3%), with d signiWcantly diVerent from 0;
and 12 series (85.7%), with d not signiWcantly diVerent
from 0. BIC preferred an ARFIMA model for two series
(14.3%), with d signiWcantly diVerent from 0; and 12 series
(85.7%), with d not signiWcantly diVerent from 0. The mean
weight for the best ARFIMA models was 0.26 (SD = 0.02)
for AIC and 0.55 (SD = 0.24) for BIC, while the mean sum
of weights for ARFIMA models was 0.75 (SD = 0.04) for
AIC and 0.88 (SD = 0.08) for BIC. Estimating d from the
best model selected among the ARFIMA candidate models
resulted in a mean d of 0.26 (SD = 0.02) for AIC that corre-
sponds to an H value of 0.76 and a mean d of 0.30
(SD = 0.03) for BIC that corresponds to an H value of 0.80.
These mean H values were consistent with measures of
fractal dimension obtained using PSD and R/S analyses.

For peak deceleration, AIC preferred an ARFIMA
model for four series (28.6%), with d signiWcantly diVerent
from 0; nine series (64.3%), with d not signiWcantly diVer-
ent from 0; and an ARMA (2, 0, 2) model for one series
(7.10%). BIC preferred an ARFIMA model for three series
(21.4%), with d signiWcantly diVerent from 0; and 11 series
(78.6%), with d not signiWcantly diVerent from 0. The mean
weight for the best ARFIMA models was 0.22 (SD = 0.02)
for AIC and 0.65 (SD = 0.03) for BIC, while the mean sum
of weights for ARFIMA models was 0.69 (SD = 0.02) for
AIC and 0.87 (SD = 0.04) for BIC. Estimating d from the
best model selected among the ARFIMA candidate models
resulted in a mean d of 0.32 (SD = 0.24) for AIC that corre-
sponds to an H value of 0.82 and a mean d of 0.20
(SD = 0.05) for BIC that corresponds to an H value of 0.70.
These mean H values were consistent with measures of
fractal dimension obtained using PSD and R/S analyses.

For movement end, AIC preferred an ARFIMA model
for three series (21.4%), with d signiWcantly diVerent from

0; eight series (57.2%), with d not signiWcantly diVerent
from 0; and an ARMA (1, 0, 1 and 2, 0, 2) model for three
series (21.4%). BIC preferred an ARFIMA model for Wve
series (35.7%), with d signiWcantly diVerent from 0; and
nine series (64.3%), with d not signiWcantly diVerent from
0. The mean weight for the best ARFIMA models was 0.16
(SD = 0.02) for AIC and 0.46 (SD = 0.08) for BIC, while
the mean sum of weights for ARFIMA models was 0.66
(SD = 0.09) for AIC and 0.83 (SD = 0.08) for BIC. Esti-
mating d from the best model selected among the ARFIMA
candidate models resulted in a mean d of 0.25 (SD = 0.03)
for AIC that corresponds to an H value of 0.75 and a mean
d of 0.25 (SD = 0.02) for BIC that corresponds to an H
value of 0.75. These mean H values were consistent with
measures of fractal dimension obtained using PSD and R/S
analyses.

To summarize, as in Experiment 1, the percentage of
preferred ARFIMA models at each kinematic marker was
somewhat low, aVecting the ability to more strongly con-
clude that long-range correlation characterizes each time
series. Nevertheless, the lower percentage (14.3% for both
AIC and BIC) of preferred ARFIMA models at peak veloc-
ity compared to Experiment 1 suggested lesser frequency of
long-range correlation at this kinematic marker. Also, given
the mean sums of the ARFIMA weights, the reasonable
correspondence between d and two of the other three
obtained measures of fractal dimension, and the observa-
tion that only 4 of the 56 total time series were classiWed as
an ARMA process by either AIC or BIC criteria, these
results further suggested the likelihood of long-range corre-
lation in the data.

Discussion

Kinematic analysis showed that, with a time-minimization
constraint, there were eVects of mass and kinematic marker.
That is, participants took more time to reach each kinematic
marker as the mass of the object increased. Compared to
Experiment 1, perhaps these increased movement times reX-
ected incomplete load compensation and, on a biomechani-
cal level, the prolonged activation of agonist muscle groups
and delayed response of antagonist muscle groups in
response to the added mass (see Smeets et al. 1990). Also, in
contrast to Experiment 1, temporal variability continued to
increase from peak acceleration to peak deceleration but did
not signiWcantly decrease to movement end, suggesting less
inXuence of control (e.g., see Elliott et al. 2004).

As movement times in Experiment 2 did not preclude
the use of control processes, it bears mentioning that previ-
ous research suggests two types of online control: early in
the movement, involving comparison between dynamic
properties of the limb (e.g., velocity) and some internal
representation of anticipated physical consequences (e.g.,

Table 4 Experiment 2: ARFIMA models percentage preferred, mean
weight of models, and mean sum of weights for AIC and BIC criteria
at each kinematic marker

Where d was signiWcantly diVerent from 0

Peak 
acceleration

Peak 
velocity

Peak 
deceleration

Movement 
end

Preferred—AIC (%) 57.1 14.3 28.6 21.4

Preferred—BIC (%) 35.7 14.3 21.4 35.7

Mean weight—AIC 0.27 0.26 0.22 0.16

Mean weight—BIC 0.56 0.55 0.65 0.46

Mean sum of 
weights—AIC

0.75 0.75 0.69 0.66

Mean sum of 
weights—BIC

0.84 0.88 0.87 0.83
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expected velocity; see Wolpert and Ghahramani 2000;
Wolpert et al. 1995); and later in the movement, involving
comparison between limb and target position (see Wood-
worth 1899). Perhaps in Experiment 2, fewer participants
were able to smoothly integrate early control processes and
generate a reliable representation of the movement—evi-
denced by less frequent occurrence of 1/f noise at peak
velocity—while more participants attempted to integrate
control at the end of the movement, where the continuously
lit target would allow for more sustained comparison
between the limb and endpoint.

There also was smaller variability at each kinematic
marker. This latter result is perhaps related to the observa-
tion that, with faster movement, timing is more accurate,
while conversely, timing is less accurate with slower move-
ment (Newell et al. 1979). Such a controversial Wnding (see
Plamondon and Alimi 1997), where temporal variability
decreases with decreased MT, appears less controversial
when viewed in terms of cooperation between planning and
control: less temporal variability as the movement unfolds
means less reliance on control and hence more exclusive
planning.

Fractal time series analysis, based Wrst on mean aver-
aged fractal dimension, showed that 1/f noise was not
exhibited at any of the four kinematic markers. However,
R/S, based on mean H, showed 1/f noise at all four kine-
matic markers and that the intensity of 1/f noise was greater
at peak velocity than at peak acceleration and peak deceler-
ation. And importantly, ARFIMA, based on the long-range
parameter d, further showed that ARFIMA models were
preferred less frequently at peak velocity compared to
Experiment 1. Thus, although results based on mean aver-
aged fractal dimension are incongruent with subsequent
analyses, overall results still suggest that long-range corre-
lation occurred throughout the movement, with less 1/f
noise at peak velocity oVering less evidence of summation
of processes, as the time-minimization constraint may have
left insuYcient time for planning and control to coordinate
signiWcantly at this kinematic marker.

To underscore the eVects of the time-minimization con-
straint (and the decreased inXuence of control), the bino-
mial test, although not signiWcant, revealed that of those
participants with an averaged fractal dimension of less than
1.50, there was only one more at peak velocity than at the
other three kinematic markers. This suggests that partici-
pants did not have suYcient time to smoothly integrate
planning and control processes, as in Experiment 1. It may
be that the relatively equal occurrence of 1/f noise at peak
deceleration and movement end reXects some participants’
attempt to engage more control in spite of having less time
to do so, whereas the equally frequent occurrence of blue
noise at these same kinematic markers reXects other partici-
pants’ greater reliance on a single process (i.e., planning).

General discussion

1/f noise previously had been shown to occur during the ini-
tial stage of a discrete aiming task (Miyazaki et al. 2001).
However, this correlation was observed using only one tar-
get distance, constant mass, and with participants moving
as quickly as possible. The present experiments took into
account the spatial, physical, and timing constraints in most
common situations and showed that target distance, mass,
and timing aVect movement trajectory and that long-range
correlation occurs throughout the movement, changing by
time and task.

1/f Noise: coordination leads to correlation

Planning and control are two fundamental stages of move-
ment that overlap through time (see Desmurget and Grafton
2000; Wolpert and Ghahramani 2000; Wolpert et al. 1995),
and it is assumed that planning is totally responsible for
determining initial movement parameters while control
exerts greater inXuence as the movement unfolds. Thus,
each stage will inXuence the movement as a function of
time (see Glover 2004), and the present study took the per-
spective that the crossover between planning and control
signals coordination between the two stages.

The study of 1/f noise in movement variability oVers a
new perspective on this likely coordination between plan-
ning and control. Miyazaki et al. (2001) discovered long-
range correlation in an aiming task and inferred that its
attenuation through time reXected adjustment processes
mainly in the initial kinematics of the movement. The pres-
ent experiments expanded on the Miyazaki et al. (2001)
study to show that patterns of correlation reXect adjustment
processes not just in initial kinematics, but throughout the
trajectory, as a function of both time and task; and that
there may indeed be a time- and context-dependent cooper-
ation between planning and control processes.

Slower- and faster-moving processes in movement

Planning typically evolves across trials, and control typi-
cally responds to immediate uncertainty within trials. In the
present experiments, when planning and control processes
would have overlapped most (at peak velocity), variability
in planning might have been superposed with variability in
control to produce the observed 1/f noise. Conversely,
when there was less frequent occurrence of 1/f noise, as a
result of there being less time for both planning and control,
this would suggest less coordination between the two pro-
cesses.

The present study referenced Voss’s dice algorithm (cited
in Gardner 1978), where variability in short-range processes
was superposed to produce 1/f-like noise, to illustrate the
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plausibility of 1/f noise in movement arising from an analo-
gous superposition of variability. And given the emerging
trend of correlation in Experiment 1—a tendency toward
more frequent occurrence of 1/f noise at peak velocity—the
dice analogy is taken further: perhaps 1/f noise in movement
is the synthesis of the less ordered information of local cir-
cumstances processed by control [the white noise at the
peripheries of our nervous system (Mandelbrot cited in Gard-
ner 1978)] and the more ordered information of a movement
strategy processed by planning that takes place when the two
processes coordinate. This would represent a special case of a
broader perceptual phenomenon (e.g., perception of music)
through which the ‘changing content of our total experience’
(Gardner 1978) clusters around 1/f noise. Present results,
however, do not provide conclusive evidence for such a
deWnitive interpretation, as the absence of clear statistical sig-
niWcance in the binomial test for each experiment calls for
caution in drawing stronger inferences about the distribution
of 1/f noise; and just as important to recognize, the length of
each time series could have aVected estimates of 1/f noise.
This latter point in particular bears further discussion.

Time series length

Physiological research has led to the conclusion that fractal
time series methods fail to yield reliable results based on
series shorter than 212 data points (e.g., see Caccia et al.
1997; Eke et al. 2000, 2002); series shorter than this may
result in unacceptably high levels of bias and variability in
estimating long-range correlation. In psychological
research, however, this length of time series typically can-
not be collected (see Delignieres et al. 2006 for an over-
view). That is, the lengthening of a typical psychological
task (such as the one used in the present experiments) may
produce signiWcant problems regarding fatigue or loss of
concentration (Madison 2001), undermining the assump-
tion in time series analyses that the system examined does
not change throughout the course of observation. So while
it is crucial, from an analytical perspective, to strive for
acceptable levels of bias and variability in estimating long-
range correlation (e.g., see Delignieres et al. 2006) and to
reliably distinguish short- from long-range processes (e.g.,
avoiding spurious measures of long-range correlation by
correctly identifying short-range processes; see Wagen-
makers et al. 2004), both facilitated by the use of longer
time series; from a psychological perspective, it is impor-
tant to recognize that certain processes (e.g., planning and
control of movement) and the coordination between those
processes are perhaps maximized on the order of minutes
and even milliseconds, possibilities that may warrant con-
sideration of more moderate-length time series.

Accordingly, some researchers have suggested that an
acceptable compromise in time series length involves the

use of 29 or 210 data points. This suggestion stems largely
from experiments using tasks such as Wnger tapping or syn-
chronization (e.g., see Chen et al. 1997; Musha et al. 1985;
Yamada 1996; Yamada and Yonera 2001), tasks that fall
under a continuous movement paradigm. A discrete move-
ment paradigm, by contrast, has involved the use of even
shorter time series (of approximately 28 data points) to
obtain measures of long-range correlation (e.g., Miyazaki
et al. 2001, who had participants point to a single target
using one level of mass and distance), where parsing of
consistent ballistic trajectories to examine planning and
control processes is critical. Such a paradigm is perhaps
particularly sensitive to additional parameters (e.g.,
increases in mass and distance) that may further contribute
to fatigue or diminished concentration. As we included
these additional parameters in the present study, and
weighed their possible eVect on the viability of the data,
this certainly factored into the use of the present number of
data points.

We must be clear in pointing out that longer time series
are generally advisable and that present results should be
interpreted in light of any potential limitations posed by
such shorter series (e.g., a possible increase in variability in
estimates of long-range correlation or less reliable distinc-
tion between short- and long-range processes). In being
cautious, however, we must also note that simulation stud-
ies using classical fractal analysis methods (e.g., Deligni-
eres et al. 2006, who simulated series ranging from 26 to 211

data points) have shown that although variability of fractal
estimates generally increases with decreased series length,
mean fractal estimates tend to remain relatively stable. Sim-
ulation studies using ARFIMA modeling (e.g., Torre et al.
2007, who simulated series ranging from 27 to 211 data
points) have produced somewhat similar (if more complex)
results: variability of fractal estimates likewise tends to
increase with shorter series, using both AIC and BIC crite-
ria, with mean fractal estimates based on BIC remaining
more stable for short series (e.g., down to 28 data points)
compared to those estimates based on AIC. Thus, whether
from empirical or simulated studies, the aforementioned
Wndings highlight the notion that a signiWcant future aim in
this paradigm will be the development of methods for
obtaining longer, viable time series (that yield stable levels
of both bias and variability in fractal estimates) for a
broader spectrum of psychological tasks.

Summary

In Experiment 1 (moving at preferred speed) of the present
study, of those participants who showed 1/f noise, more
tended to show 1/f noise at peak velocity. 1/f-like noise has
been produced by summing short-range processes at diVer-
ent timescales (Gardner 1978), and as planning tends to be
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a slower-moving process and control faster, present results
oVer initial evidence that 1/f noise in aiming with multiple
constraints may arise from a similar summation of short-
range processes. In Experiment 2 (moving as quickly as
possible), however, of those participants who showed 1/f
noise, there was less frequent occurrence of 1/f noise at
peak velocity, perhaps because planning and control did not
have suYcient time to overlap. Although results from both
experiments oVer evidence that 1/f noise in aiming may be
time and task dependent, these results must be interpreted
with some caution, as the length of each time series may
have posed certain limitations on estimates of 1/f noise, and
the degree of long-range correlation in participants’ move-
ment may have depended on a range of parameters in addi-
tion to those examined.
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