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Abstract: Target-directed elbow movements are essential in daily life; however, how different task
demands affect motor control is seldom reported. In this study, the relationship between task
demands and the complexity of kinematics and electromyographic (EMG) signals on healthy young
individuals was investigated. Tracking tasks with four levels of task demands were designed, and
participants were instructed to track the target trajectories by extending or flexing their elbow joint.
The actual trajectories and EMG signals from the biceps and triceps were recorded simultaneously.
Multiscale fuzzy entropy was utilized to analyze the complexity of actual trajectories and EMG
signals over multiple time scales. Results showed that the complexity of actual trajectories and EMG
signals increased when task demands increased. As the time scale increased, there was a monotonic
rise in the complexity of actual trajectories, while the complexity of EMG signals rose first, and then
fell. Noise abatement may account for the decreasing entropy of EMG signals at larger time scales.
This study confirmed the uniqueness of multiscale entropy, which may be useful in the analysis of
electrophysiological signals.
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1. Introduction

Target-directed tasks have been widely adopted in previous studies to investigate the relationship
between motor performance and external factors such as task orientation [1], target size [2], visual
information [3], and error tolerance [4]. Berthier et al. observed longer movement times and slower
speeds with a decline in object size during hand reaching tasks [2]. Moreover, movement speed
can also influence motor performance during target-directed movements [5–7]. Selen et al. [5] and
Maill et al. [7] observed the tracking performance of normal individuals at different frequencies
and found that movement variability decreased when movement frequency decreased. Hong et al.
investigated the ability of normal individuals when generating a two-finger force under different task
demands (error tolerance) and environmental information (visual feedback frequency), and confirmed
an increased force variability towards higher error tolerance and lower feedback frequency [4]. Thus,
Hong et al. suggested that there was compensation for the complexity between task, environment,
and motor performance. Moreover, as Morrison et al. reported, there was also compensation of the
complexity between postural sway and EMG signals towards different task demands [8]. Nevertheless,
Barbado et al. observed a contrary result between the complexity of postural sway and EMG signals
during different standing balance tasks [9].
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As Hong et al. [3] proposed, the behavior of the motor system towards different task demands are
fundamentally probabilistic, and their statistical properties could be applied in the characterization of
motor performance. Fitts [10] observed an increase in movement times with increased task difficulty,
and defined the difficulty as the log2 of the probability of hitting a target. Therefore, a higher
uncertainty of achievement, which could be represented by higher entropy values, occurred when tasks
became more difficult. As a widely used measure of statistical properties, entropy well characterizes
the probabilistic nature of motor performance during target-directed tasks [11].

Entropy was first introduced by Shannon [12], and different entropy-based measures such as
approximate entropy (ApEn) [13], sample entropy (SampEn) [14], and fuzzy entropy (FuzzyEn) [15]
have been widely applied to analyze physiological signals [16–18]. A decline in entropy value usually
indicates an increase in signal regularity and a decrease in signal complexity [3]. Comparisons among
different entropy algorithms have been investigated in previous studies. Yentes et al. [19] adjusted the
parameter values on very short datasets to detect the robustness of ApEn and SampEn, and found
a better relative consistency of SampEn. Xie et al. compared SampEn and FuzzyEn with simulated
signals, and found that FuzzyEn was superior to SampEn in robustness and monotonicity to noise [20].
Since the fuzzy function with a soft and continuous boundary is applied in FuzzyEn rather than the
Heaviside function with a hard and discontinuous boundary in SampEn, the superiority of FuzzyEn
may have resulted from the fuzzy measurement of the vectors’ similarity [15], which can contribute to
a better characterization of physiological signals.

Despite these distinctive features, the abovementioned entropies were single-scale measures
which barely considered the important properties related to multiscale organization [21]. Previous
studies have also elicited conflicting results for the complexity of motor performance towards different
task demands. As Costa et al. indicated, based on a single time scale, an increase in system entropy
might not represent an increase in its complexity [22]. For instance, the process of generating a
randomized time series degrades the information content of the original time series and destroys the
inherent correlations, but leads to higher entropy. To avoid misleading results, multiscale entropy was
developed by Costa et al. to detect complex variations of the physiological system across multiple
time scales [22], which was combined with a coarse-graining procedure and SampEn. Multiscale
entropy and its variants have been applied in the detection of muscle fatigue [23], gait dynamics
analysis [24,25], heart rate dynamics analysis [21,26], and electroencephalogram (EEG) analysis in
rats [27]. Previous studies confirmed that studying the physiological system over a range of timescales
could allow for more complete features [24].

Compared with the targets used in previous studies, movement with randomly changing targets
could avoid adaptation as the target positions are unpredictable, but this has seldom been reported.
In this study, sinusoidal trajectories mixed with different random noises were designed as four levels of
task demands during elbow tracking tasks for healthy young subjects. The objective was to investigate
the effects of task demands on complex kinematics and surface electromyographic (EMG) signals.
Multiscale fuzzy entropy (MSFuzzyEn) was utilized to analyze the complexity of actual trajectories and
EMG signals from the biceps and triceps over multiple time scales. The root mean square error (RMSE)
between the target and actual trajectories represented the tracking performance during different
tracking tasks. This study may provide a comprehensive understanding of the mechanisms of motor
control in the neuromuscular system.

2. Materials and Methods

2.1. Subjects

In the current study, 12 healthy young volunteers (six men, six women, mean age:
22.75 ± 0.62 years) were recruited with no musculoskeletal or neurological problems. Before
participating in the experiment, written informed consent was collected from all subjects.
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All experimental procedures were approved by the Ethics Committee of the First Affiliated Hospital of
Sun Yat-Sen University ([2013]C-096, 28 February 2013).

2.2. Apparatus and Procedures

Figure 1 shows the experimental setup. Subjects were seated at a table during the experiment with
their forearms attached to a manipulandum to support elbow extension or flexion in the horizontal
plane, and their shoulders were at 90◦ abduction and 45◦ horizontal flexion. The markers attached
to the manipulandum and the elbow joint were captured by a motion capture system (OptiTrack,
NaturalPoint, Corvallis, OR, USA) at a sample rate of 100 Hz. The actual trajectory was calculated
with the coordinates of the two markers. Two circular silver-silver chloride (Ag-AgCl) bipolar surface
electrodes (diameter 10 mm) were attached to the bellies (center-to-center distance 2 cm) of two main
contributing muscles for elbow joint extension and flexion, the biceps and triceps. Surface EMG signals
were captured by a two-channel EMG amplifier with a gain of 5000, and then sampled by a data
converter (DAQ-6341, National Instruments, Austin, TX, USA) at a sample rate of 1000 Hz with a 16-bit
resolution. A computer screen providing the target and actual trajectories (with red and blue pointers,
Figure 1b) in real-time feedback using a LabVIEW program (LabVIEW 2012, National Instruments,
Austin, TX, USA) was placed in front of the subjects. The indicator light signaled when the subjects
were to start the tracking tasks. As displayed in Figure 1c, the movement of the elbow joint ranged
from 30◦ to 90◦ during the experiments.
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The target trajectories MIX(P) were generated as follows [13]:

MIX(P)j =
(
2− Zj

)
Xj + ZjYj (1 ≤ j ≤ N), (1)

where N was the data length of the simulated signals; Xj =
√

2 sin(2π j/12); Yj was the independent
identically distributed (i.i.d.) uniform random variables within [−0.5, 0.5]; and Zj was the i.i.d. random
variables consisting of 1 with the probability of P (0 < P < 1) and 0 with the probability of 1−P. A larger
P indicated that the simulated signals were more complex. In this study, the simulated signals were
applied in the experiment after interpolations to avoid poor tracking performance that resulted from
too complex trajectories. The complexity of target trajectories was quantified by FuzzyEn. Target
trajectories in Level 1, Level 2, Level 3, and Level 4 were generated from MIX(0.1), MIX(0.4), MIX(0.5),
MIX(0.9), respectively. The data length of target trajectories in each level was set to 5000; thus, a higher
level implied more complex tracking tasks.

After understanding the experimental protocol, subjects first performed two practice trials of each
level by extending or flexing their elbow joints from 30◦ to 90◦ (Figure 1c). Subjects were instructed
to try their best to follow the target pointer. Next, each subject conducted 16 trials, which were
divided into four blocks, each consisting of four tasks with different levels in a random sequence. Each
trial lasted for 50 s, and therefore 50,000 EMG samples and 5000 trajectory samples were collected.
The subjects had a 30-s rest after each trial and a 5-min rest after each block.

2.3. Data and Statistical Analysis

The root mean square error (RMSE) of the tracking movements was measured to estimate the
tracking error. The RMSE was defined as follows:

RMSE =
√

1/N ∑N
i=1(θ(i)− θ0(i))

2, (2)

where θ(i) and θ0(i) represented the actual and target trajectory, respectively, and N was the data
length of the trajectory.

MSFuzzyEn revealed the complexity of the signal over multiple time scales by combining
multiscale entropy [22] with FuzzyEn [15]. In this study, the algorithm comprised two steps: (1) a
coarse-graining procedure for extracting the information at different time scales; and (2) estimating the
irregularity of each coarse-graining time series with FuzzyEn.

We considered a one-dimensional time series {x(i) : 1 ≤ i ≤ N} as the original signal. The
coarse-graining procedure first divided the original signal into non-overlapping segments of length τ.
Second, the average of every segment formed a coarse-graining signal at time scale τ. The calculation
was as follows:

yτ
j = 1/τ ∑jτ

i=(j−1)τ+1 xi(1 ≤ j ≤ N
τ
). (3)

The coarse-graining signal at time scale 1 (τ = 1) is simply the original signal. The length (N/τ) of
the coarse-graining signal gradually became shorter as the time scale became larger. In this study, given
that the data length of the actual trajectories and EMG signals was 5000, τ was set from 1 (N = 5000) to
20 (N = 250), which considered consistency and steadiness in the following entropy analysis.

The FuzzyEn algorithm was then applied to estimate the complexity of each coarse-graining signal
across different time scales. Given a one-dimensional time series {µ(i) : 1 ≤ i ≤ N}, an m-dimensional
vector sequence was formed as follows, where µ0(i) = 1/m ∑m−1

j=0 µ(i + j):

Xm
i = {µ(i), µ(i + 1), . . . , µ(i + m− 1)} − µ0(i) (i = 1, 2, . . . , N + m− 1). (4)

The distance between the two vectors Xm
i and Xm

j (i, j = 1, 2, . . . , N −m + 1; i 6= j) was
defined as:

dm
ij = maxk∈(0,m−1)

∣∣∣µ(i + k)− µ0(j)− µ(j + k)− 1/m ∑m−1
j=0 µ(i + j)

∣∣∣. (5)
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The similarity of the two vectors was calculated as follows, where n and r determined the gradient
of the boundary and the width of the exponential function, respectively:

Dm
ij (n, r) = exp (−(dm

ij /r)n). (6)

Next, the average of the similarity from all vectors was calculated as:

ϕm(n, r) =
1

N −m + 1 ∑N−m+1
i=1 ln(

1
N −m + 1 ∑N−m+1

j=1,j 6=i Dm
ij ). (7)

Finally, the FuzzyEn value of the signal was defined as:

FuzzyEn(m, n, r, N) = ln ϕm(n, r)− lnϕm+1(n, r). (8)

Suitable values for m, n, and r were quite important for estimating the complexity of specific
physiological signals. According to our previous work, m = 2 and n = 2 were set in this study, and r
was set as 0.15*std (signal) as it could ignore the amplitude differences of the signals among different
analysis windows [28,29].

Our study analyzed trajectories and EMG signals by dividing the multiscale entropy index (MEI)
into four small scale intervals using the MSFuzzyEn approach for comparison [30]:

MEIi = ∑5i
τ=1+5(i−1) MSFuzzyEnτ(i = 1, 2, 3, 4). (9)

The EMG signals obtained from the experiments were denoised by a band-pass Butterworth
filter with a frequency band from 20 Hz to 450 Hz, and a 50 Hz digital notch filter. Next, the EMG
signals from each trial were divided into 10 segments for MSFuzzyEn analysis, which consisted of
5000 samples in each segment. The MSFuzzyEn of the EMG signals from each trial was the average of
10 segments. The MSFuzzyEn and the RMSE of each subject were averaged over four performances at
each level.

To assess the effects of time scale and task demands on motor performance, a two-factor analysis
of variance (ANOVA) (repeated measure) was employed in the analysis of actual trajectories, biceps
EMG, and triceps EMG. One-factor ANOVA (repeated measure) was utilized to: (1) compare the
FuzzyEn across different levels of task demands at each scale interval; and (2) compare the RMSE
between each two of the four levels. The statistical analysis was applied with SPSS21.0 (SPSS Inc.,
Chicago, IL, USA).

3. Results

Figure 2 is a graphical representation of an exemplar target trajectory, actual trajectory, and EMG
signals from biceps and triceps during the tracking tasks with four levels. The FuzzyEn of the target
trajectories at time scale one (τ = 1) when P were 0.1, 0.4, 0.5, and 0.9 were 0.003, 0.004, 0.009, and
0.013, respectively. Both target and actual trajectories became more complex as P increased. The
amplitude of the EMG signals from the biceps and triceps was observed to have significant fluctuations
over time across the different levels. The mean RMSE of twelve subjects from Levels 1 to 4 were
4.98 ± 0.48, 6.16 ± 0.52, 7.66 ± 0.61, and 7.02 ± 0.55, respectively. Based on a one-factor ANOVA
(repeated measure), the RMSE increased monotonically from Level 1 to Level 3 (p-value < 0.01), and
decreased significantly from Level 3 to Level 4 (p-value < 0.01). Considering the RMSE affected by task
demands, the effect size (η2) was 0.95 for all subjects.
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The averaged MSFuzzyEn values over 12 subjects of target trajectories, actual trajectories, biceps
EMG signals, and triceps EMG signals are displayed in Figure 3. Both target and actual trajectories
increased monotonically from Scale 1 to Scale 20, but the actual trajectories had a higher FuzzyEn than
the target trajectories. The FuzzyEn of the biceps EMG and triceps EMG also presented a significant
rise from Scale 1 to Scale 5, while there was a significant fall from Scale 5 to Scale 20. After successively
coarse-graining, the FuzzyEn at Scale 20 dropped to a similar value at Scale 1. Figure 3 also shows
the effects of task demands on motor performance. A higher FuzzyEn at higher levels was observed
for target and actual trajectories over multiple time scales. Two-factor ANOVA (repeated measure)
suggested that: (1) the time scale factor significantly affected the mean FuzzyEn of the actual trajectories
(p-value < 0.01, η2 = 0.998), biceps EMG (p-value < 0.01, η2 = 0.90), and triceps EMG (p-value < 0.01,
η2 = 0.96); and (2) the task demands factor had a significant effect on the mean FuzzyEn of the actual
trajectories (p-value < 0.01, η2 = 0.98) and triceps EMG (p-value < 0.01, η2 = 0.45).

As seen in Figure 4, a more obvious difference between the different levels was found at larger
time scales. The FuzzyEn of the trajectories and EMG signals over multiple time scales was divided into
four scale (τ) intervals. Figure 4a showed a significant increase of the FuzzyEn in higher levels for the
actual trajectories (p-value < 0.05). Considering that the MEIi was affected by task demands, the effect
size (η2) for all subjects was 0.97, 0.98, 0.99, and 0.98, respectively when i = 1, 2, 3, 4. In the smallest
scale interval (1 ≤ τ ≤ 5), the FuzzyEn of the EMG signals observed no obvious phenomenon towards
different task demands (biceps: p-value = 0.44, η2 = 0.25; triceps: p-value = 0.64, η2 = 0.05). A significant
increase of the biceps EMG in FuzzyEn was found in scale interval 6≤ τ ≤ 10 (p-value < 0.05, η2 = 0.21).
Despite the lack of significant difference, the obvious rises were also observed in the last two scale
intervals (11 ≤ τ ≤ 15: p-value = 0.054, η2 = 0.20; 16 ≤ τ ≤ 20: p-value = 0.07, η2 = 0.19). The effect
of task demands on the triceps EMG were more obvious when compared with the biceps EMG. As
Figure 4c shows, the FuzzyEn increased when task demands increased in the last three scale intervals
(6 ≤ τ ≤ 10: p-value < 0.05, η2 = 0.44; 11 ≤ τ ≤ 15: p-value < 0.05, η2 = 0.36; 16 ≤ τ ≤ 20: p-value < 0.05,
η2 = 0.42).
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4. Discussion

The study aimed to investigate the effects of task demands on motor performance during elbow
tracking tasks. Based on the target trajectories, actual trajectories, and surface EMG signals, the RMSE
and MSFuzzyEn methods were applied to reflect the tracking accuracy and the complexity variations
of the neuromuscular system, respectively.
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4.1. MSFuzzyEn Analysis of Trajectories and EMG Signals

In accordance with the MSFuzzyEn of the target trajectories, the FuzzyEn of the actual trajectories
displayed a monotonic increase over multiple time scales (1 ≤ τ ≤ 20), and the FuzzyEn of the EMG
signals also observed a rise from Scale 1 to Scale 5. This finding was consistent with the study reported
by Costa et al. [22], where the SampEn of the heart rate time series gradually increased from Scale 1 to
Scale 6 for healthy young and old individuals. Kang et al. [27] observed an increased SampEn of EEG
signals from Scale 1 to Scale 20 in rats, and it has been suggested that signals at larger scales could
produce a higher entropy (FuzzyEn/SampEn) due to a shorter data length [28,31].

Nevertheless, in our study, contrasting results were found at larger time scales for EMG signals.
Similar results were reported by Gu et al. in the study of EMG signals from leg muscles during
treadmill walking [24]. The EMG signals during gait observed a lower entropy at larger time scales
(4 ≤ τ ≤ 40) for healthy young and old individuals. The loss of complexity at larger time scales was
also demonstrated in the study of the human heartbeat and gait time series [25,32]. Gu et al. [24]
deemed it possible to obtain results from the elimination of uncorrelated white noise at larger time
scales. According to Costa et al. [32], the coarse-graining procedure progressively filtered out periodic
components and uncorrelated random components such as white noise. Thus, the decline in FuzzyEn
at larger time scales (5 ≤ τ ≤ 20) for EMG signals could have a relatively higher signal-to-noise ratio.

In addition, the complexity of physiological signals could be affected by time scale and noise.
The difference in MSFuzzyEn between the trajectories and EMG signals revealed the different nature
of these physiological signals. Since many non-physiological and physiological factors influence
surface EMG signals [33], it was easy to confound the useful EMG signals with uncorrelated noises.
In particular, surface EMG signals were weaker and more complex when compared with the tracking
trajectories. Therefore, a rise at smaller time scales (1≤ τ ≤ 5) and a fall at larger time scales (6≤ τ ≤ 20)
in the FuzzyEn of EMG signals was probably influenced by time scale and noise, respectively. Moreover,
the monotonic increase from Scale 1 to Scale 20 in the FuzzyEn of actual trajectories may be mainly
influenced by time scale instead of noise.

4.2. Effects of Task Demands on Trajectories and EMG Signals

The MSFuzzyEn method indicated that the actual trajectories became more complex when task
demands increased during elbow tracking tasks. Ma et al. [34] observed the motor performance of
elderly people when performing checker game moves ranging from 1 to 4 steps, and found that a more
complex move generated a higher peak velocity and a less smooth trajectory than a simple move. This
finding was consistent with our results that the RMSE progressively rose in the first three levels. The
increased task demands at higher levels was mainly due to the increased movement frequency of target
trajectories; thus, a more complex task elicited a rise in movement variability and tracking error [5,7].
Arif et al. [35] observed the effects of different speed demands on gait stability for healthy young and
old individuals, and found a reduced stability towards increased speed demands. Kudoh et al. [36]
observed the spatiotemporal variability during prehension movements, and found that the target
distance significantly influenced the variability of wrist trajectories. Therefore, the reduced range of
movement in Level 4 might be the reason for the decrease in RMSE from Levels 3 to 4.

The effect of the task demands on the EMG signals were clearly observed after successive coarse
graining (5 ≤ τ ≤ 20). The FuzzyEn of the EMG signals increased at higher levels, especially for the
triceps which represented the EMG output, which became less regular facing with more complex
tasks. As Morrison et al. [8] reported, a greater irregularity of EMG signals may have reflected less
predictable muscle firing patterns. Specifically, the complexity of the EMG signals could be related to
modifications in the neuromuscular system, including alternations of motor fiber recruitment, firing
rate, muscle fiber conduction velocity, motor unit synchronization, etc. [37,38]. Although the entropy
analysis has not been widely applied in the assessment of surface EMG signals, Ao et al. [28] observed
complex changes for simulated EMG signals using the FuzzyEn method where their results showed
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an increase in the recruitment of motor fiber and firing rate, which could lead to a systematic increase
in the complexity of the EMG signals.

This study revealed the nature of motor control towards different task demands. MSFuzzyEn
at large time scales showed that an increase in task demands elicited more complex movement
trajectories as a consequence of more unpredictable muscle firing patterns. Our results were consistent
with a previous study where a decline in the FuzzyEn of postural sway and EMG signals from
a stable condition to an unstable condition was found during different standing balance tasks [9].
Nevertheless, Morrison et al. [8] observed an inverse relationship in ApEn between postural sway
and EMG signals towards different task demands. Based on the MSFuzzyEn analysis in our study,
the FuzzyEn at smaller time scales was easily affected by uncorrelated noise. Since the two previous
studies used single-scale entropies [8,9], their conflicting results may have been due to uncorrelated
noise. Therefore, MSFuzzyEn analysis, especially at larger time scales, can provide a comprehensive
analysis of physiological signals, and minimize the interference of uncorrelated noise. One limitation
of this study was that we did not consider the influence of pathologies on movement trajectories and
EMG signals, and further study will extend to MSFuzzyEn analysis across pathologies using different
task demands.

5. Conclusions

In this study, MSFuzzyEn was utilized to analyze the complexity of movement trajectories and
EMG signals during elbow tracking tasks across four levels of task demands for healthy young
individuals. MSFuzzyEn at larger time scales showed that increased task demands elicited increased
complexity in movement trajectories and EMG signals, which may have resulted from increased
movement frequency and less predictable muscle firing patterns, respectively. Thus, MSFuzzyEn
analysis may be able to provide a comprehensive insight into motor control towards different
task demands.
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