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Abstract
Muscle synergies are the building blocks for generating movement by the central nervous system (CNS). According to 
this hypothesis, CNS decreases the complexity of motor control by combination of a small number of muscle synergies. 
The aim of this work is to investigate similarity of muscle synergies during cycling across various mechanical conditions. 
Twenty healthy subjects performed three 6- min cycling tasks at over a range of rotational speed (40, 50, and 60 rpm) and 
resistant torque (3, 5, and 7 N/m). Surface electromyography (sEMG) signals were recorded during pedaling from eight 
muscles of the right and left legs. We extracted four synchronous muscle synergies by using the non-negative matrix factori-
zation (NMF) method. Mean and standard deviation of the goodness of the signal reconstruction (R2) for all subjects was 
obtained 0.9898 ± 0.0535. We investigated the functional roles of both leg muscles during cycling by synchronous muscle 
synergy extraction. We compared the muscle synergies extracted from all subjects in all mechanical conditions. The total 
mean and standard deviation of the similarity of synergy vectors for all subjects in all mechanical conditions was obtained 
0.8788 ± 0.0709. We found the high degrees of similarity among the sets of synchronous muscle synergies across mechanical 
conditions and also across different subjects. Our results demonstrated that different subjects at different mechanical condi-
tions use the same motor control strategies for cycling, despite inter-individual variability of muscle patterns.
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Introduction

Human movements are very complex in a viewpoint of 
both neural commands and biomechanical process because 
the central nervous system (CNS) must control and man-
age various musculoskeletal functions. CNS organizes the 
involved muscle activations in a movement and coordinates 
many degrees of freedom with the redundancy of activators 
of the musculoskeletal system by simplification of motor 
control in the muscle modules [1]. This redundancy cre-
ates flexibility and great smoothing in the motor tasks but 
complicates the control of these degrees of freedom. CNS 

coordinates the activation of synergistic muscle groups to 
simplify many degrees of freedom [2, 3]. Many researchers 
suggested the low-dimensional muscle activation modules, 
muscle synergies, to simplify the structure of motor tasks. 
Neural motor commands recruit muscle synergies to gener-
ate the necessary muscle activations to execute motor task. 
Muscle synergies are as basic blocks that compositions of a 
small number of them generate a movement in spite of inter-
individual variability of muscle signals [4–6].

Muscle synergy is a group of operational elements coop-
erating together to achieve a demanded motor task [7]. 
To assess muscle coordination, surface electromyography 
(sEMG) signals recorded from several muscles involved in 
a movement can be analyzed into a small number of muscle 
synergies [8, 9].

Muscle synergies have been already researched for differ-
ent human movements to define a simplified interpretation 
for motor control, such as hand reaching movement [10–12], 
catching movement [13], human walking [14–17], human 
running [18, 19], and human standing-up [20, 21]. All these 
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works support the being of motor primitives in the modular 
structure of CNS.

Recently researchers focused also on understanding and 
extracting muscle synergies during sport practices such as 
treadmill walking [22–24] and cycling [25–27] to find more 
verification on the being of simplifying motor control tac-
tics. Cycling can be considered as a constrained and rhyth-
mical exercise with controllable experimental and mechani-
cal conditions comparing to other movements, such as hand 
reaching or running. Cycling is generally used in biome-
chanical testing and rehabilitation process.

Recent papers investigated the muscle coordination dur-
ing pedaling for untrained and trained cyclists or for health 
and spinal cord injury persons and demonstrated that same 
muscle synergies are shared and robust through all subjects 
[28–30]. Recent articles investigated the CNS coordinates 
and manages neural control mechanisms during pedaling 
through the pliable combinations of same muscle syner-
gies in response to changes in kinematic parameters such 
as standing position respect to the seated position in cycling 
and changes in the kinetics such as velocity, load and torque 
[3, 30–32].

Previous works have generally focused on synchronous 
muscle synergy analysis from one leg not both legs [3, 
30–32]. In this study, by using synchronous muscle syner-
gies, we investigated the coordination of the muscles of both 
legs and the functional roles of them during pedaling. We 
verified that a small number of muscle synergies can cover 
the variations of EMG patterns from left and right lower 
limb muscles across various mechanical conditions and dif-
ferent subjects during pedaling.

The aim of the present work was to investigate whether 
muscle synergies are similar at different mechanical condi-
tions such as resistance torques and rotational speeds during 
cycling and therefore whether different subjects in various 
mechanical conditions apply the same motor control tactics 
for cycling in spite of inter-individual variability of EMG 
patterns.

Materials and methods

Subjects and experimental protocol

Twenty healthy subjects (ten women and ten men: age, 
23–27 years; body mass, 52–75 kg; height, 1.56–1.84 m), 
with no professional experience, volunteered for the experi-
ments. They were all notified of the inconvenience and 
possible risk associated with the exercises before signing 
the consent forms. Subjects practiced on an electronically 
braked cycle ergometer equipped with standard 0.17 m 
cranks. Horizontal and vertical positions of the saddle, stem 
length, and handlebar height were set to match the normal 

positions of the participants. First, subjects were asked 
to execute a standardized warm-up inclusive of 5- min of 
cycling.

The experimental setup consisted of three 6-min cycling 
tasks at various rotational speeds (40, 50, and 60 rpm). 
At each rotational speed, first resistant torque was set to 
3 N/m until 2 min then were changed to 5 and 7 N/m in 
every 2-min. In this way, different mechanical conditions 
were produced to investigate the effect of rotational speed 
and resistant torque on the muscle synergy extraction dur-
ing cycling. In this paper the nine cycling tasks were named 
in the form of Task i (rpm, N/m). Figure 1 illustrates these 
cycling tasks according to experimental setup.

Data recording

Surface electromyography signals were recorded during 
cycling from eight muscles of the right and left legs: rectus 
femoris (RF), vastus lateralis (VL), vastus medialis (VM), 
and biceps femoris (BF) [33, 34].

Eight Bipolar Ag/AgCl electrodes were applied on the 
chosen muscles. The electrode locations were carefully 
selected by following the recommendations of the Euro-
pean project; Surface Electromyography for the Non-Inva-
sive Assessment of Muscles (SENIAM) standard [35]. First 
the skin of special locations for each muscle is shaved and 
cleaned with alcohol to improve the electrode- skin imped-
ance. Then electrodes were used at these special locations. 
The electrodes were connected to a pre-amplifier with a gain 
of 1000 and bandwidth of 20–460 Hz (SX230, Biometrics 
Ltd., Gwent, UK). The wires of these electrodes were fur-
ther fixed with adhesive tapes to avoid possible movement-
induced artifacts. Each pair of electrodes was regulated as 

TASK 1,2,3
(Speed=40 rpm, 

Period Time=1.5s)

TASK 4,5,6
(50 rpm, 1.2s)

TASK 7,8,9
(60 rpm, 1s)

Torque=
3 N/M

5 N/M 7 N/M

3 N/M 5 N/M 7 N/M

3 N/M 5 N/M 7 N/M

t= 0 s t= 120 s t= 240 s t= 360 s

START END

Fig. 1   The experimental protocol consisted of three 6- min cycling 
tasks at different rotational speeds (40, 50, and 60 rpm). At each rota-
tional speed, first resistance torque was set to 3 N/m until 2-min then 
were changed to 5 and 7 N/m in every 2-min
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much as possible in parallel with the orientation of the mus-
cle fascicles. A common reference electrode (R506, Biomet-
rics Ltd., Gwent, UK) was placed on a bony location, at the 
distal end of the left ulna.

The hip joint angles and knee joint angles measured 
by four electrogoniometers in the range of ± 90º with an 
accuracy of ± 2º (SG150, Biometrics Ltd., Gwent, UK). 
sEMG signals were gathered with a portable data acquisi-
tion system equipped with four digital channels and eight 
analog channels, with the range of sampling frequency per 
analog channel 1 up 20,000 Hz and with an accuracy better 
than ± 0.5% full scale (DataLOG-MWX8, Biometrics Ltd., 
Gwent, UK).

A pedaling cycle was defined as the complete revolution 
of the crank starting from highest position of the pedal with 
crank arm angle at 0° (TDC; Top Dead Center), passing 
through lowest position of the pedal with crank arm angle 
at 180° (BDC; Bottom Dead Center) and back to TDC in 
a 360° [36]. The pedaling cycle can be divided into two 
phases [37]:

Power phase: From TDC to BDC. The power phase 
occurs as the hip and knee extends, pressing downward on 
the pedal. First a combination of the gluteus maximus (GM) 
and quadriceps (rectus femoris (RF), vastus lateralis (VL), 
vastus medialis (VM), vastus intermedius (VI)) are activated 
to extend the knee and then hamstrings (such as biceps fem-
oris (BF)) are activated to extend the hip.

Recovery phase: From BDC to TDC. During the recov-
ery phase the hip flexor muscles, the iliopsoas and the rec-
tus femoris (RF) are activated and then hamstrings (such 
as biceps femoris (BF)) are activated to knee flexion. The 
rectus femoris (RF) contracts during the last stage of the 
recovery phase to flex the hip in preparation for the next 
pedal stroke.

sEMG signal preprocessing

sEMG signals were high-pass filtered (fifth order Butter-
worth filter, cutoff 10 Hz) to remove artifacts and reduce 
noise, and then they were full-wave rectified and low-pass 
filtered (fourth order Butterworth filter, cutoff 3 Hz) in 
order to earn the linear envelopes [33, 38]. Each muscle 
waveform was normalized to its maximum amplitude from 
all of the sequential pedaling cycles. Each envelope was 
averaged across five sequential pedaling cycles in order to 
obtain an indicator activation pattern for each muscle in each 
condition.

Synchronous muscle synergy analysis

In the synchronous muscle synergies analysis, muscle 
activation signals ( mi(t), 1 ≤ i ≤ n ) are represented by 
the linear combination of non-negative muscle synergies 

( wij, 1 ≤ j ≤ N  ) in which the number of muscle synergies 
( N  ) is less than the number of muscle activation signals 
( n ) [39]:

where cj(t) is a non-negative scalar coefficient of the jth mus-
cle synergy at time t, and wij is a time-independent weight 
for ith muscle. In fact, muscle synergies are fixed activation 
patterns among several muscles and synergy coefficients are 
signals that the CNS produces them to control the muscle 
synergies (i.e. neural commands). Matrix form of synchro-
nous muscle synergy equation is shown as [40]:

where � is muscle activation data matrix, � is muscle syn-
ergy matrix, � is synergy coefficient matrix, and k denotes 
the number of muscle synergies (k ≤ min(n,N)).

Such analysis is called synchronous synergy model 
because in this model, muscle synergies can occur simulta-
neously. Figure 2 illustrates two sets of synchronous muscle 
synergies with different scaling coefficients. Four muscle 
patterns are produced by combination of two sets of syn-
chronous muscle synergies and their scaling coefficients. We 
used synchronous muscle synergy model in this work.

Several dimensionality reduction algorithms have been 
used to extract synchronous muscle synergies underlying var-
ious human movements [42]: Principal component analysis 
(PCA), Independent component analysis (ICA) and Nonnega-
tive matrix factorization (NMF). We selected NMF algorithm 
among these techniques, because NMF algorithm forces a 

(1)mi(t) =

N∑

j=1

cj(t)wij, i = 1,… , n

(2)�n×N = �n×k�k×N

Fig. 2   Concept of synchronous muscle synergy model: An example 
of four muscle patterns (right) construction based on two set of syn-
chronous muscle synergies (left) with scaling coefficients (C1,C2). 
Different muscle patterns are produced by using two set of synergies 
and changing values of two scaling coefficients
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non-negativity limitation to the extracted muscle synergies 
[42]. This limitation reflects well the attributes of muscle acti-
vation patterns, as muscles are always activated non-negativity. 
Moreover, PCA and ICA techniques impose specific assump-
tions among the extracted muscle synergies (orthogonality 
for PCA and statistical independence for ICA), which force 
limitations between the corresponding muscle synergies. NMF 
algorithm does not force such limitations and thus seems more 
acceptable for studying about muscle synergy extraction [47].

The non-negative matrix factorization (NMF) algorithm 
decomposes a non-negative matrix � into two non-negative 
factors; � and � , that is:

where E is the reconstruction error or residual. NMF algo-
rithm is optimized by minimizing the frobenius norm as 
[41]:

where ‖∗‖2
F
 represents the squared frobenius norm of a 

matrix. NMF algorithm is the most common muscle syn-
ergy extraction algorithm. NMF algorithm was used to 
calculate synchronous muscle synergies [42, 43]. Synergy 
vectors (W) and synergy coefficients (C) are selected at the 
NMF algorithm, to minimize the total reconstruction error. 
NMF algorithm minimizes reconstruction error by updat-
ing coefficients using synergies, and updating next muscle 
synergies by using modified coefficients. It iterates until the 
reconstruction error is minimized [44].

Most of the papers used R2 [17, 45, 46] or VAF [15, 47, 48] 
criteria to evaluate the results of muscle synergy analysis. R2 
parameter represents the fraction of total variation accounted 
for by the muscle synergy reconstruction. The goodness of 
muscle synergy approximation is described as R2 [5]:

where � is a non-negative matrix ( � ∈ N×n
+

 ) of muscle 
activation signals, �̂ = �� is the approximated � matrix, 
and SSE is the sum of the squared residuals, and SST repre-
sents the sum of the squared residual from the mean activa-
tion signals (sum of squared residuals from the mean of the 
� matrix ( �̄)). R2 as a statistical Parameter represents prox-
imity of the approximated data to the fitted regression line. 
Also other goodness of the signal reconstruction in muscle 
synergy analysis is computed by VAF [5]:

(3)� = �� + �

(4)min
�,�

1

2
� −��

2
F
, subject to ,�,� ≥ 0

(5)R2 = 1 −
SSE

SST
= 1 −

‖‖‖� − �̂
‖‖‖
2

F

‖‖� − �̄‖‖
2

F

(6)VAF = 1 −
SSE

SST
= 1 −

���� − �̂
���
2

F

‖�‖2
F

where SST is the total sum of squares that is computed on 
uncentered data (sum of squares of residuals from zero). We 
used customary criteria, R2 and VAF to measure the accuracy 
of the signal reconstruction in muscle synergy analysis.

Choice of the number of muscle synergies

The number of extracted muscle synergies (N) is an impor-
tant parameter of the synchronous muscle synergy model [49]. 
The appropriate number of muscle synergies was described as 
the conciliation between model parsimony and reconstruction 
accuracy, observing the relationship between the amount of 
data variation in the goodness of the signal reconstruction (R2) 
and the number of muscle synergies.

Mean of R2 for all subjects at different mechanical condi-
tions is used to determine how many muscle synergies are 
sufficient to explain the cycling task. We used R2 versus N 
plot to select the desired number of muscle synergies. The 
proper number of muscle synergies was selected as the num-
ber that in which the slope of the R2 curve had a noticeable 
variation, indicating that additional muscle synergies only 
enveloped slight residual amounts of variation attributable to 
noise. Generally this slope change happened in the amount of 
more than 0.9 for the curve of R2 [50]. The computed number 
of synchronous muscle synergies by this process could recon-
struct the slight differences of each dataset of the cycling task.

Synchronous muscle synergy comparison

The angle cosine between two synchronous muscle synergy 
vectors was evaluated as a criterion of their similarity. Simi-
larity value was defined as the maximum of the normalized 
scalar products between two sets of synchronous muscle 
synergies [19].

We compared the synchronous muscle synergies extracted 
from each subject in different mechanical conditions and 
also from the same mechanical condition in different sub-
jects. To compare two sets of synchronous muscle syner-
gies, extracted from different subjects or different mechani-
cal conditions, we computed the similarities between their 
best matching pairs were computed. First the pair with the 
maximum similarity values was chosen, and then the syn-
chronous muscle synergies of this choice pair from their sets 
were removed. Finally, the similarities between remaining 
synchronous muscle synergies were computed and were cho-
sen the next best matching pair [24, 51].

Results

For all subjects (ten women and ten men) and all cycling 
tasks, according to the experimental protocol, EMG wave-
forms were recorded from eight muscles of the left and right 
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legs; rectus femoris (LRF and RRF), vastus lateralis (LVL 
and RVL), vastus medialis (LVM and RVM), and biceps 
femoris (LBF and RBF). Then EMG waveforms were high-
pass filtered and were full-wave rectified and low-pass fil-
tered in order to earn the linear envelopes. Each EMG activ-
ity pattern was normalized to its maximum amplitude from 
all of the sequential pedaling cycles. Figure 3 shows example 
of averaged EMG activity patterns from five sequential ped-
aling cycles in order to obtain a representative EMG activity 
patterns for each muscle.

We extracted synchronous muscle synergies with a num-
ber of muscle synergies ranging from two to seven by using 
the muscle patterns for all subjects and all mechanical con-
ditions by NMF method. The number of muscle synergies 
was chosen to consider for better analysis as conciliation 
between model parsimony and reconstruction accuracy. As 
seen in Fig. 4 the curve of the R2 as a function of the number 
of synchronous muscle synergies has a change in the slope at 
four. The being of a knee point in the curve of the R2 demon-
strated that muscle synergy sets with more number of muscle 
synergies at the knee point described only a small additional 
fraction of the data variation (R2). Hence, for all subjects at 
nine cycling tasks, four synchronous muscle synergies were 
chosen as the proper number of muscle synergies.

We decomposed muscle patterns as the combination of 
four synchronous muscle synergies, each one with a specific 
scaling coefficient. Figure 5 shows four sets of synchronous 
muscle synergies extracted from eight muscle patterns dur-
ing cycling by NMF method for functional interpretation. 
It represents the basic features of the muscle synergies 

(synergy vectors and scaling coefficients) extracted from all 
subjects for nine cycling tasks.

By analyzing of the synergy vectors and the scaling coef-
ficients, some properties were distinguished for each syn-
chronous muscle synergy. Four synchronous muscle syner-
gies include different features of the muscle patterns in the 
pedaling cycle: Synergy 1 indicates knee extension of the 
left leg. Synergy 2 indicates knee flexion/hip extension of 
the left leg and knee extension/hip flexion of the right leg. 
Synergy 3 indicates knee extension of the right leg. Syn-
ergy 4 indicates knee flexion/hip extension of the right leg 
and knee extension/flexion of the left leg. Table 1 represents 
function, involved leg muscles and range of pedaling cycle 
for each synchronous muscle synergy.

For each subject and each cycling task, four synchronous 
muscle synergies are scaled in amplitude according to spe-
cific coefficients and then summed together for producing all 
muscle patterns (see Materials and methods). The activation 
EMG waveforms for all leg muscles were exactly recon-
structed by the combinations of the muscle synergies. The 
example of the EMG pattern reconstruction for subject 1 
in Task 4 (50 rpm, 3 N/m) by the combinations of the four 
synchronous muscle synergies is shown in Fig. 6. The per-
formance analysis criteria for reconstruction of all muscle 
patterns such as VAF(%) and R2 were obtained 99.9311% 
and 0.9993 respectively.

Table  2 shows mean and standard deviation of the 
VAF(%) and R2 values for reconstructed EMG patterns of 
all subjects in each mechanical condition (A), and for each 
subject in all mechanical conditions (B) by four sets of syn-
chronous muscle synergies combinations.
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Fig. 3   Example of averaged EMG activity patterns and crank angle 
for a pedaling cycle. Mean EMG activity patterns across five sequen-
tial pedaling cycles for Subject 1 in Task 4 (50 rpm, 3 N/m) from four 
muscles of the left (L) and right (R) legs. Abbreviations for muscles 
are mentioned in “Materials and methods”
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and shown. In all subjects and conditions, four muscle synergies were 
selected as the appropriate number of muscle synergies
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Similarity criterion was used to survey the comparison of 
synchronous muscle synergies. Similarity between two sets 
of synchronous muscle synergies is defined as the maximum 
of their normalized scalar product.

We compared the muscle synergies extracted by NMF 
method from the same mechanical condition in different 
subjects. Figure 7 shows comparison of synchronous mus-
cle synergies between two subjects from each mechani-
cal condition. In Fig. 7, the similarity of “Synergies” and 
“Coefficients” between four pairs of synchronous muscle 
synergies extracted from two subjects (for example subject 
12 and subject 13) for all mechanical conditions (Task 1 to 
Task 9) are shown. The total mean and standard deviation of 
the similarity of “Synergies” for all tasks is 0.8788 ± 0.0709 
and total mean and standard deviation of the similarity of 
“Coefficients” for all tasks is 0.8413 ± 0.0679. This compari-
son demonstrates that there are high degrees of similarity 

between two sets of synchronous muscle synergies extracted 
from the same mechanical condition in different subjects.

We also compared the muscle synergies extracted by 
NMF method from each subject in different mechanical con-
ditions. Figure 8 shows comparison of synchronous muscle 
synergies extracted from one subject in different mechani-
cal conditions. We compared synchronous muscle synergies 
extracted from Task 1 (40 rpm, 3 N/m) with other tasks 
and synchronous muscle synergies extracted from Task 2 
(40 rpm, 5 N/m) with other tasks, etcetera. Then mean and 
standard deviation of all similarity values was computed. In 
Fig. 8, mean and standard deviation of the similarity values 
of “Synergies” and “Coefficients” between four pairs of syn-
chronous muscle synergies extracted from one subject (for 
example, subject 1) for all mechanical conditions (Task 1 to 
Task 9) are shown. The total mean and standard deviation of 
the similarity of “Synergies” for all mechanical conditions 
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Table 1   Four synchronous muscle synergies and their functions, involved muscles and range of pedaling cycle

RF rectus femoris, VL vastus lateralis, VM vastus medialis, BF biceps femoris

Synergies Function Muscles Rang of pedaling cycle

Synergy 1 Knee extension of left leg Quadriceps group of left leg (VL, VM, and RF) Power phase
Synergy 2 Knee flexion/hip extension of 

left leg and knee extension/hip 
flexion of right leg

Hamstrings group of left leg (BF) and RF of right leg Middle part of the 
power phase and 
the beginning of the 
recovery phase

Synergy 3 Knee extension of right leg Quadriceps group of right leg (VL, VM, and RF) Recovery phase
Synergy 4 Knee flexion/hip extension of right 

leg and knee extension/flexion of 
left leg

Hamstrings group of right leg (BF) and RF of left leg Middle part of the 
recovery phase and 
the beginning of the 
power phase
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is 0.8128 ± 0.0305 and total mean and standard deviation 
of the similarity of “Coefficients” for all mechanical con-
ditions is 0.7962 ± 0.0292. This comparison demonstrates 
that there are significant similarities between two sets of the 
synchronous muscle synergies extracted from one subject in 
different mechanical conditions.

We also compared the synchronous muscle synergies 
extracted from all subjects in each mechanical condition 
separately. Table 3-A shows mean and standard deviation 
of the similarity values of “Synergies” between four pairs 
of synchronous muscle synergies extracted from all subjects 
for each mechanical condition and Table 3-B shows mean 
and standard deviation of the similarity values of “Coeffi-
cients” of them. The total mean and standard deviation of the 
similarity of “Synergies” for all subjects in all mechanical 
conditions is 0.8788 ± 0.0709 and total mean and standard 
deviation of the similarity of “Coefficients” for all subjects 
in all mechanical conditions is 0.8413 ± 0.0679. This com-
parison also demonstrates the high degree of similarities 
between synchronous muscle synergies across all subjects 
in all mechanical conditions.

Discussion

Four muscle synergies well describe sEMG signals

In this study, we used a previously-developed procedure to 
verify how the CNS produces motor coordination [3, 31]. 
Four synchronous muscle synergies were extracted dur-
ing cycling over a range of rotational speed (40, 50, and 
60 rpm) and resistant torque (3, 5, and 7 N/m) from 20 

healthy subjects. The total mean and standard deviation of 
R2 value for reconstructed muscle patterns of all subjects in 
all mechanical conditions was calculated 0.9898 ± 0.0535.

In this paper, the results showed that the combinations of 
a few synchronous muscle synergies, with proper scaling in 
amplitude, explain many characteristics of the sEMG pat-
terns recorded from eight muscles of the right and left legs 
during cycling across different mechanical conditions. We 
used NMF method [42, 43] to find the basic features of the 
synchronous muscle synergies (synergy vectors and scal-
ing coefficients) extracted from all subjects for nine cycling 
tasks.

In previous works [3, 30, 31] sEMG signals were 
recorded from 8-11 lower limb muscles during cycling. They 
extracted three [3] or four [30, 31] synchronous muscle syn-
ergies by using the NMF method. In previous research, three 
synchronous muscle synergies were extracted to explain 
function of lower limb muscles during pedaling. They pro-
posed to investigation the existence of a fourth muscle syn-
ergy in future studies [3]. The results of the present study 
are in agreement with the recent works [30, 31] that reported 
that four muscle synergies account for the majority of vari-
ability in the sEMG signals of lower limb muscles during 
pedaling. Fourth muscle synergy is used to explain function 
of hip and knee flexor muscles during the middle part of the 
recovery phase and during the beginning of the power phase 
of the pedaling cycle. Moreover, trained cyclists participated 
in the previous study [3]. Different number of muscle syner-
gies in the previous study [3] may be due to reflect the ability 
of them to merge different muscle synergies. Trained cyclists 
may be able to achieve muscle coordination during pedaling 
by fewer synergies [31]. This query can be tested on future 
studies by focus on the differences of the extracted muscle 
synergies between trained and untrained subjects.

Functional interpretation of the extracted muscle 
synergies

By analyzing of the synergy vectors and the scaling coef-
ficients from four synchronous muscle synergy extracted 
by the NMF method (Fig. 5), the following properties are 
distinguished for each synchronous muscle synergy during 
pedaling:

Synergy 1 represents knee extension of the left leg. This 
synergy consists of knee extensor activity from the three 
muscles of the quadriceps group of the left leg (vastus lat-
eralis, vastus medialis, and rectus femoris). This synergy is 
active during the power phase of the pedaling cycle.

Synergy 2 represents knee flexion/hip extension of the 
left leg and knee extension/hip flexion of the right leg. This 
synergy consists of activity in the hamstrings group of the 
left leg (biceps femoris) and consists of the activity in the 
rectus femoris of the right leg. This synergy is active during 
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834	 Australasian Physical & Engineering Sciences in Medicine (2019) 42:827–838

1 3

the middle part of the power phase and during the beginning 
of the recovery phase.

Synergy 3, similar to synergy 1, represents knee extension 
of the right leg. This synergy consists of knee extensor activ-
ity from the three muscles of the quadriceps group of the 
right leg. This synergy is active during the recovery phase 
of the pedaling cycle.

Synergy 4, similar to synergy 2, represents knee flexion/
hip extension of the right leg and knee extension/flexion of 
the left leg. This synergy consists of activity in the ham-
strings group of the right leg and consists of the activity 
in the rectus femoris of the left leg. This synergy is active 
during the middle part of the recovery phase and during the 
beginning of the power phase.

Previous studies investigated coordination of the mus-
cles of one leg [3, 30–32]. In this research, the extraction 
of synchronous muscle synergies has been done in both 
legs. The results indicated the co-operation and coordina-
tion of the muscles of both legs. When one of the legs is 
in the first phase of pedaling, the other is in the second 
phase, and the activity of the RF muscle in each leg is 
almost synchronous with the BF muscle of the other leg. 
The greater part of the activity of the VL and VM muscles 
of each leg coincides with the activity of the RF muscle 
and part of its activity with the RF muscle of the other 
leg.

Table 2   Mean and standard deviation of the VAF (%), and R2 value for reconstructed muscle patterns of all subjects in each mechanical condi-
tion (A), and for each subject in all mechanical conditions (B), by four synchronous muscle synergies combinations

(A)

Speed (rpm) Torque (N/m) VAF (%) R2

40 3 99.1088 ± 0.576 0.9845 ± 0.0024
5 98.6923 ± 1.0731 0.9793 ± 0.0255
7 98.8411 ± 1.0788 0.9843 ± 0.0132

50 3 99.1916 ± 0.6297 0.9842 ± 0.0081
5 99.3904 ± 0.4007 0.9928 ± 0.0040
7 99.4118 ± 0.5160 0.9926 ± 0.0072

60 3 99.1130 ± 0.6061 0.9862 ± 0.0093
5 99.5280 ± 0.3121 0.9929 ± 0.0056
7 99.5547 ± 0.4010 0.9931 ± 0.0012

(B)

Subject VAF (%) R2

S1 99.3345 ± 0.4092 0.9876 ± 0.0088
S2 99.5259 ± 0.3519 0.9911 ± 0.0106
S3 99.3488 ± 0.0404 0.9920 ± 0.0043
S4 99.4689 ± 0.0121 0.9940 ± 5.1765e−04
S5 98.4585 ± 0.5307 0.9820 ± 0.0015
S6 99.5018 ± 0.1476 0.9935 ± 0.9935
S7 99.3315 ± 0.3831 0.9902 ± 0.0016
S8 98.8606 ± 0.0626 0.9767 ± 0.0079
S9 99.6063 ± 0.0847 0.9929 ± 0.0033
S10 99.5197 ± 0.2188 0.9939 ± 0.0031
S11 99.0503 ± 0.2783 0.9859 ± 0.0038
S12 99.4265 ± 0.5459 0.9924 ± 0.0079
S13 99.4950 ± 0.1975 0.9929 ± 0.0029
S14 99.6260 ± 0.1255 0.9938 ± 0.0035
S15 98.9765 ± 0.3089 0.9809 ± 0.0043
S16 98.5155 ± 0.4107 0.9817 ± 0.0083
S17 99.6473 ± 0.0353 0.9945 ± 9.6521e−04
S18 99.4927 ± 0.1977 0.9935 ± 0.0012
S19 99.3320 ± 0.0625 0.9919 ± 0.0014
S20 99.4593 ± 0.1618 0.9938 ± 0.0015
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Comparison of muscle synergies

The main purpose of this work is to investigate the effect of 
rotational speed and resistant torque on the muscle synergy 
extraction during cycling. Therefore, we compared the sets 
of synchronous muscle synergies extracted from different 
subjects and different mechanical conditions by the NMF 
method.

As performed in previous works [31, 32], we also 
evaluated the similarity of each of these four sets of syn-
chronous muscle synergies across subjects. According to 

the high similarity values found for “Synergies” (0.9003, 
0.8955, 0.8779 and 0.8415 for synergies 1–4, respectively) 
and “Coefficients” (0.8584, 0.8577, 0.8173 and 0.8312 for 
synergies 1–4, respectively), we can conclude that the four 
similar functional synchronous muscle synergies are used by 
each subject (Table 3). Despite differences in torque-velocity 
scenarios during pedaling [3, 28] and difference in posture 
(standing or seated position) [30] between our study and 
other works, similarity values for muscle synergy vectors 
and synergy activation coefficients are obtained like them 
more than 0.8. Thus we can hypothesize that same loco-
motor strategies during pedaling motion are used by each 
subject.

By comparing the sets of synchronous muscle synergies 
extracted from individual tasks, results showed significant 
similarities among synergies. These similarities demon-
strate the being of sufficient amount of shared structure in 
the control of movement in different mechanical conditions. 
We also compared the sets of synchronous muscle synergies 
extracted from the same mechanical condition in different 
subjects. Results showed the high degree of similarities 
among subjects, demonstrating the being of a common basic 
structure of the patterns displayed by the muscle synergies 
for all individuals.

Although four set of muscle synergies were similar across 
all mechanical conditions, the individual synergy vectors 
and coefficients were in some cases more variable. Hence, 
similarity values for some cases of synergy vectors and 
coefficients were obtained lower than 0.8 (Table 3). These 
differences may reflect subject-specific motion patterns and 
represent the musculoskeletal redundancy in attainment 
the stability during pedaling task. Although differences in 
anatomy may proceed to differences in muscle synergies, 
it is probable that training and motor skill for cyclists also 
impressed subject-specific motion patterns [14]. In addition, 
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these differences may be due to appear some lag times for 
the torque and posture effects [3]. Timing is an important 
parameter in motor control for human movements. Hence, 
we suggest the time-varying muscle synergy analysis intro-
duced by d’Avella and et al. [10, 13, 51] for future studies. In 
the time-varying muscle synergy analysis, sEMG waveforms 
are described as linear combinations of muscle synergies by 
scaling in amplitudes and shifting in times.

In this study, practices of cycling and synchronous muscle 
synergy analysis were performed only on the healthy sub-
jects, so it would be useful to guide additional analysis on 
non-healthy subjects. If synchronous muscle synergies are 
extracted from individuals with cerebral palsy or disorder 
or spinal cord injury, such information could be helpful in 
rehabilitation or aided devices to recovery and improvement 
limb function [21, 29].

Conclusions

The main benefit of this paper is support the statement that 
the CNS uses a modular organization of muscles to reduce 
the complication of motor control. Our results show that these 
modules can be repeated across various cycling tasks. The 

modular organization of motor control can be applied to con-
trol neuro-rehabilitative tools such as neuro-prosthesis based 
on functional electrical stimulation (FES), to restore neuro-
muscular function and rehabilitate in paresis patients [52, 53]. 
In the robotic fields this repeatability decreases the computa-
tional space and can improve the pliability of robotic motion 
[54–56].
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Table 3   Comparison of the muscle synergies across all subjects 
in each mechanical condition. Mean and standard deviation of the 
similarity values of “Synergies” (A) and similarity values of “Coef-

ficients” (B), among sets of synchronous muscle synergies extracted 
from all subjects for each mechanical condition

(A)

Speed (rpm) Torque (N/m) Synergy 1 Synergy 2 Synergy 3 Synergy 4

40 3 0.8925 ± 0.0695 0.8525 ± 0.1490 0.9719 ± 0.0119 0.7306 ± 0.1699
5 0.9134 ± 0.0317 0.9350 ± 0.0446 0.9008 ± 0.0498 0.7885 ± 0.1891
7 0.8866 ± 0.0150 0.8252 ± 0.0646 0.9427 ± 0.0260 0.9103 ± 0.0759

50 3 0.8915 ± 0.0134 0.9207 ± 0.0709 0.7393 ± 0.1340 0.8420 ± 0.0547
5 0.8352 ± 0.0439 0.8443 ± 0.0755 0.9774 ± 0.0585 0.9297 ± 0.0139
7 0.9526 ± 0.0382 0.9625 ± 0.0276 0.7593 ± 0.1224 0.7157 ± 0.1149

60 3 0.9103 ± 0.0766 0.8464 ± 0.0680 0.9062 ± 0.0751 0.9520 ± 0.0258
5 0.8490 ± 0.0795 0.9698 ± 0.0655 0.8812 ± 0.1025 0.9331 ± 0.0841
7 0.9715 ± 0.0187 0.9033 ± 0.0163 0.8229 ± 0.1506 0.7720 ± 0.1254

(B)

Speed (rpm) Torque (N/m) Synergy 1 Synergy 2 Synergy 3 Synergy 4

40 3 0.8159 ± 0.0814 0.8262 ± 0.0831 0.8453 ± 0.0076 0.9106 ± 0.0337
5 0.9468 ± 0.0244 0.7071 ± 0.1585 0.7652 ± 0.1054 0.8193 ± 0.1162
7 0.7526 ± 0.1929 0.8217 ± 0.0550 0.8606 ± 0.0531 0.7680 ± 0.1794

50 3 0.7441 ± 0.1350 0.9183 ± 0.0417 0.8496 ± 0.0279 0.8366 ± 0.0311
5 0.7782 ± 0.0197 0.8930 ± 0.0286 0.8319 ± 0.0934 0.8382 ± 0.0529
7 0.9316 ± 0.0251 0.7523 ± 0.1757 0.7653 ± 0.1130 0.8849 ± 0.0166

60 3 0.9864 ± 0.0616 0.9578 ± 0.0354 0.7822 ± 0.0569 0.9324 ± 0.0206
5 0.8559 ± 0.0173 0.9829 ± 0.0380 0.8131 ± 0.0469 0.7402 ± 0.1263
7 0.9174 ± 0.0052 0.8607 ± 0.0168 0.8440 ± 0.0012 0.7506 ± 0.1654
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