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Abstract. The purpose of this work is to determine the ability of the partial directed coherence method to identify the
directed interaction between nonlinear systems correctly in presence of nonlinear couplings between systems, as well as
in the case when the measured signals are generated by objects of high dimension. The another purpose is to determine
the dependence of the coupling estimation results on the parameters: series length, sampling rate, model dimension and the
coupling architecture. Methods. In this paper, the possibilities and limitations of the frequency-resolved approach (partial
directed coherence) to describe the couplings between high-dimensional time series are investigated. Surrogate time series
constructed by permutation of realization are used to determine the significance of the results. Results. Coupling architecture
in ensembles of small-dimensional oscillators can be correctly identified for linear and nonlinear systems connected in case of
both linear and nonlinear coupling. For complex composite signals, when each measured time series is the sum of the signals
of many individual oscillators, the technique is not specific enough, revealing non-existent connections, and it is not sensitive
enough, missing the existing ones. Conclusion. The criteria for applying the partial directed coherence method to different
signals are formulated. The measure does not show indirect couplings at sufficient series length, sampling rate and model
dimension in contrast to the pairwise methods of Granger causality and transfer entropy. The measure works well for noisy
time series. The method allows to study the connectivity in an ensemble of an arbitrary number of oscillators. The method
allows to determine at what frequencies the interaction occurs. The partial directed coherence method gives acceptable results
for series of length 80 and more characteristic periods in comparison with the Granger causality method, for which the
efficiency is declared already at 4–16 characteristic periods.
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Аннотация. Цель настоящего исследования – определить набор выигрышных для удержания равновесия комбинаций
взаимодействующих мышц ног на основе анализа данных математической модели балансировочной платформы. Мето-
ды. В данной работе используется разработанная математическая модель балансировочной платформы, базирующаяся
на механических принципах. Для статистического анализа связей между временными рядами рассчитываются корреля-
ции Пирсона, а для статистического анализа данных – метод дисперсионного анализа (ANOVA) и постфакторный
анализ. Результаты. Предложена математическая модель балансировочной платформы. Получены распределения
коррелированных пар мышц для модели балансировочной платформы. В результате использования численного мо-
делирования определены границы нахождения возможного паттерна активации мышц, который будет положительно
повлиять на удержание равновесия. С помощью сравнительного анализа экспериментальных и модельных данных
подтверждено наличие экспериментальной комбинации взаимодействующих мышц в наборе выигрышных комбинаций.
Заключение. Полученные результаты подтверждают, что, как модель, так и нетренированные испытуемые смогли
развить способность поддерживать равновесие на балансирующей платформе. Продолжительность самой длинной
успешной попытки удержания равновесия значительно меняется от сессии к сессии. Испытуемые были более успешны,
чем модель, и продемонстрировали более длительные попытки удержания равновесия во время экспериментальных сес-
сий. Анализ данных модели показал, что увеличение коррелированного взаимодействия должно быть специфическим,
а не случайным, чтобы положительно влиять на поддержание равновесия. Также было показано, что неограниченное
увеличение корреляции даже между потенциально выигрышными парами мышц не приведет к более длительному
удержанию равновесия.

Ключевые слова: балансировочная платформа, связанность, моделирование, корреляция, тренировка, равновесие.
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Introduction

In everyday life, a person is faced with the need to solve complex motor tasks in education, work,
and sports [1–7]. The balance of the human body in an upright position in the process of various motor
actions seems at first glance to be a rather simple function. However, numerous studies of physiologists,
clinicians, scientific researchers show that the balance function is very complex, which emphasizes the
importance and value of balance in human life [8–12].

Currently, many works are devoted to the study of balance keeping models [13–18], as well as the
features of lower limbs functioning while standing, have been conducted [19–21]. Thus, the study of the
complex nonlinear dynamics of various models of maintaining balance is an urgent task at the present
time. However, before the proposed model can be applied to a real system, it is necessary to define and
investigate the desired characteristics of this model. The main focus of the experimental works involving
real humans is pointed to the evaluation of the response to the disturbance given from the outside [21–26].
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But the problem of a clear understanding of the control strategies and control mechanisms that are used
by the central nervous system to sustainably stabilize an unstable posture while maintaining flexibility
still remains unresolved. On the one hand, the problem of control becomes easier if we assume passive
stiffness of the ankle joint and hip. However, significant passive rigidity, supplemented by active
feedback moments, can lead to noticeably rigid stability, which contradicts the pliable nature of the
vertical position [15]. Since there is significant recruitment of the hip and ankle muscles in the tasks
requiring postural control [27], our idea was to determine the set of interacting muscles involved in
balance keeping and investigate the changes in their interaction during the learning process. Experiments
with a Human–Computer interface showed that subjects acquired a smart and energetically efficient
strategy, in which two muscles were inactivated simultaneously [28]. However, the experiments with real
movements require more interactions between muscles [29–32]. The electromyogram (EMG) coherence
analysis and multiple regression analysis [33] suggest it should involve 3–4 muscle pairs into one
synergy [34]. The results of the work [35] highlight the capacity of the postural control system to use
asymmetrical patterns to achieve acceptable postural stability. The goal of this study is the revealing
of the learning process and modelling some of the learning features observed during the experiment
involving equilibrium maintaining. The learning process requires improving the interaction between
muscles during long-term complex activities. To broaden our understanding of these processes, we
developed a mathematical model of the balance platform and conducted a free feedback experiment for
the subject maintaining balance on the platform. This is an important difference between current work
and most studies in which the balance was artificially disturbed without considering the subject’s actions.
Separately, we note that another difference of our approach from previous works is the consideration of
long-term continuous interaction, rather than a series of short repetitive similar actions.

1. The mathematical model

To better understand how the interaction between muscles is organized to maintain balance
and what kind of activation pattern can form during training activities, we propose a model based on
mechanical principles. Much more complex models of lower limb movement are known, but most
of them involve central pattern generators or abundant data amount [16, 36–38]. The scheme of the
model consists of joints, links and muscle forces as shown in Fig. 1. Movement in the sagittal plane
was irrelevant to the problem of balance, so we used only movement projected onto the coronal plane.
The lever of the balance platform operates by applying different forces at equal distances from the
fulcrum (Bp). The force applied to the platform lever involves active muscular pressure [39] besides
friction, fictitious force and weight in usual lever scales. The resulting force can be obtained through the
momentum proportional to the second derivative of the angular change estimated as the following:

𝐹res(𝑡) =
∑︁
𝑘

𝑚𝑗𝐹𝑗(𝑡− τ)𝑓(𝐹𝑗 ,φ𝑗(𝑡))− (∆𝑚LR(𝑡) + η(𝑡))𝑔 + 𝐹iner(𝑡) + 𝐹frict(𝑡) (1)

where 𝑚𝑗 is the mass of the link (is equal usually 5–6 kg for the young adult) and 𝐹𝑗 is the force applied
by the muscle pair, 𝑓 – is the corresponding trigonometric function factor for the 𝐹𝑘 and joint angle φ𝑘,
𝑘 index denotes the link of the scheme corresponding to the muscle, 𝐹frict is a sliding friction force (set
as 25 N to match the experiment), 𝑔 – standard gravity value, 𝐹iner – fictitious force of the platform,
∆𝑚LR(𝑡) – the resulting difference between the weights applied to the shoulders of the platform,
τ – delay in the feedback loop, η(𝑡) – movement disturbance [40] (standard deviation value was chosen
equal to 0.01 from [41]). The inert model blocks shown in the Fig. 1 are the beam between the left
and right feet and pelvis between the hips, incorporating the center of mass Cm. Active model blocks
include thigh and shin blocks for the right and left legs accordingly. Muscle pair forces 𝐹𝑗 correspond
to the flexor and extensor forces applied to the bones attached to the corresponding joint. We looked at
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Lh RhCm

La Ra

Bp

Lf Rfα

a b
Fig. 1. The kinematic link scheme of the balance platform model with a human lower limbs (Right and left side joints:
articulatio coxae, articulatio genus, articulatio talocruralis and Cm – center of mass); b – the corresponding experimental
scheme. α denotes the platform angle

well-researched classical studies to model muscle activation. One of the most classical equations that
relates tension to velocity with regard to the internal thermodynamics is the Hill Model [42]:

(𝑣 + 𝑏)(𝐹 + 𝑐) = 𝑏(𝐹0 + 𝑐), (2)

where 𝐹 is the tension in the muscle, 𝑣 is the velocity of contraction, 𝐹0 is the maximum isometric
tension, 𝑐 – coefficient of shortening heat, 𝑏 is the scaling coefficient, calculated as

𝑏 =
𝑐𝑣0
𝐹0

, (3)

where 𝑣0 is the maximum velocity, when 𝐹 = 0. Hill’s equation describes the relationship between
the tension and the contraction in the muscle. Therefore, the higher the load applied to the muscle, the
lower the contraction velocity. One of the more advanced form of it was implemented in the Sanger
model [43]. To obtain an activation estimate, for the muscle-tendon dynamics we adapted the tendon
equation from [14]:

𝐹 (ℎ) = 𝐹𝐼 max
exp (γ/β (ℎ))− 1

exp(γ)− 1
(4)

here 𝐹𝐼 max is the maximum muscle isometric force, γ is a shape factor, and β is a reference strain.
Combining muscle activations from Eq. (4), muscle interaction effects and noise influence, we can
estimate the force for each muscle is estimated in the following manner, ℎ is the neural signal. Muscle
parameters for the shape factor, muscle activation time constants (49–68 ms), muscle activation time
constants (62–76 ms), and maximum isometric force values (2–5) were taken from the [14]. Both left
and right halves of the model are identical. Considering that, we can state it is doesn’t have a dominant
leg and regard the mirrored situations as equal within themselves. The equation for flexor-extensor pair
attached to the each of the joints depicted in the Fig. 1 as Lh (Left hip), La (Left ancle), Lf (Left foot),
Rh (Right hip), Ra (Right ancle), and Rf (Right foot), is considered as following:

𝐹FE = 𝐹 flex(ℎ(𝑦(𝑡− τ𝑒) +
∑︁
𝑘

𝑥̃𝑘 − 𝐹 ext(ℎ(𝑦(𝑡− τ𝑒)+

+
∑︁
𝑘

𝑥̃𝑘 + ε(𝑡)) + ηFE(𝑡))|cos(3FE)|.
(5)
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here 𝑘 denotes the index corresponding to one of the four flexor-extensor pairs, the η𝑘(𝑡) is the sporadic
muscle activity and ε(𝑡) is a neural noise modelled with the weak Gaussian noise (zero mean, standard
deviation 0.05 [44]), 𝑦 – interaction influence from other muscles, τ𝑒 is the efferent time delay constant
(80 ms) [45] (the time required to transmit neural impulses from the brain to the muscles), 3FE denotes
the angle between forces induced by flexor and extensor muscles. These forces can be applied to the
Eq. (1). The feedback loop of the neural controllers should include the changes in platform angle,
velocity and acceleration [46] with respect on efferent delay times [45] as well as the integral perception
of the platform movement and center of mass displacement [47, 48]. In the normal upright position, this
assessment is mainly determined by proprioceptive signals from the ankle joint, ankle muscles and the
foot. Slight wobble prevents accurate estimation of such parameters [49]. The resulting feedback signal
is used in the following form:

𝑥(𝑡) = 𝑝α(𝑡− τ𝑒) +
1

8
(ω(𝑡− τ𝑒) +

1

2
ω̇(𝑡− τ𝑒) +

−τ𝑒∫︁
−2τ𝑒

α(𝑡)𝑑𝑡) +
2

5
𝑦̇𝑐(𝑡− τ𝑒). (6)

Here 𝑝 is a feedback coefficient for the angle value, ω is the angular speed of the platform, α(𝑡) is
the balance platform angle, 𝑦𝑐 is the coordinate of the center of mass projection. For generation the
neural signals 𝑦(𝑡) in Eq. (5) we used a model reference neural network controller [50] where desired
reference input signal was a weak Gaussian noise as one the possible variants [51] and the reaction
input is 𝑧(𝑡) to compensate for inclination. The model was developed in Simulink IDE and solved using
the Euler–Heun method [52]. Both right and left parts of the model are identical. It is effectively means
that the model doesn’t have a lead foot and mirrored situations can be seen as equal.

2. Results

We used numerical simulations to find a possible muscle activation pattern that can positively
affect equilibrium maintaining. Equilibrium attempts were determined as the time between consecutive
moments when platform angle stayed withing the ±19∘ limits. Attempt was count as successful if its
duration was longer than one second. We used such indicators criteria as the duration of the longest
successful attempt (𝐿max) of maintaining equilibrium, the percentage of successful attempts, and the
total duration of successful attempts of maintaining equilibrium (𝐿Σ). We took all possible combinations
of muscles, with the exception of the mirror ones, and sequentially increased the correlation coefficients
between the selected 3 or 4 pairs of muscles. Out of 16460 combinations only 2029 lead to positive
addition of equilibrium time within the experiment and 139 combinations (< 1%) gave the addition
equal or more than 10 s. Probability distributions of increase or decrease in equilibrium time increment
for the model data is presented in the Fig. 2, a, b, that shows that interaction should be specific in order
to improve such complex activity as balance keeping. A large portion of the distribution lies in negative
range, what shows that increased interaction between most muscled doesn’t help with balance keeping.
So, the model gave us prediction of rather limited set of interaction patterns for the successful balance
keeping.

These changes describe the process of training subjects during the balance keeping. It is known
that complex actions require strong interaction between muscles [53], but strong interaction between
all muscles is inefficient and energy costly, so the living system require a strategy to use the limited
amount of interactions to solve the task [30]. If neural synchrony is the mechanism involved in muscle
formation, we would expect a certain pattern of interaction between muscles that needs to be coordinated
to maintain a balanced posture [32].

The correlation structure in each of the muscles of interest was presented by symmetric matrix
sized 8×8, although only 28 coefficients of the upper-corner are unique, and the part below including the
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a b

Fig. 2. The probability distribution of the simulation balance time change between all possible correlated muscle combinations
in the model for 3 muscle pairs (a), 4 muscle pairs (b)

main diagonal can be left out as mirrored duplicates. For each of twenty participants we calculated ten
correlation matrices for all experimental sessions. Then, we calculated correlation matrices, averaged over
10 trials, in each experimental session. Statistical analysis showed that out of 28 possible combinations
of correlation coefficients only four have a significant positive addition: left Gastrocnemius – right
Tibialis (LGM–RTA), left Gastrocnemius – right Gastrocnemius (LGM–RGM), right Gastrocnemius –
right Tibialis (RGM–RTA), right Rectus Femoris – right Tibialis (RRF–RTA). This combination is
somewhat consistent to the results shown by others [32]. All of the coefficients increase from session
to session, but more apparent changes are shown between the first and the second session, as the total
duration of the equilibrium for subjects.

3. Discussion

Experimental validation of the obtained results was conducted on a group of 20 (15 male, 5 female)
healthy subjects, range: 25 to 42 years. Subjects had no history of musculoskeletal pathology, neuro-
degenerative or infectious disease, chronic ankle instability, recent ankle sprain, vestibular pathology and
visual impairment. The experimental study was performed in accordance with the Declaration of Helsinki.
All participants gave their written informed consent prior to the onset of the study. To analyze muscle
correlation we calculated Pearson correlation coefficient between the EMG channels. For two data
samples (two EMG channels in this case) of same length this coefficient can be calculated as proposed
in [54]. For the average correlation coefficients, we carried out within the session repeated measures
ANOVA analysis. The post hoc analysis based on the Wilcoxon signed rank test [55] showed significant
changes between sessions for the longest successful attempt and the total duration of successful attempts
while mean duration of attempt was not significant. The length of the longest successful attempt increases
from session to session. The longest balance keeping intervals were observed in the S3 – 3rd session
(75% of subjects have the longest interval S3). The post hoc analysis revealed the significant increase
for S2 when compared with S1 (p = 0.002), for S3 when compared with S2 (p = 0.006), for S3 when
compared with S1 (p = 0.001).
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To compare model and experimental performance, we used the obtained coefficients to increase
the interaction effect between muscles in the model applying the coefficients for the connections between
neural outputs and muscles in Eq. (5). We applied the coefficients sequentially for each session and
used the same calculation procedure for the obtained angular data as for the experimental data to obtain
the total duration of successful attempts. The results demonstrated an upward trend for both people
and models, despite the fact that people are better at keeping balance in general. This combination of
four muscles that have significant correlation between their EMG signals is one of the combinations
from the 0.5-top percentile from the numerical simulation with the model (Fig. 2, b). The distribution
of the correlated muscle pairs for the top 0.5-percentile of the platform (Fig. 3, a) suggests that the
interaction between GM and TA on different legs makes the maximum contribution to the process of
balance keeping while other connections are auxiliary. The difference between relatively big amount of
combinations leading to the better total balance time in the numerical simulation in comparison with the
single one chosen by living systems in the experiment can be explained by the relatively simple model
structure and disregard to the movements in 3-dimensional space. Some of the the “better” muscle pair
combinations cannot be used effectively by humans due to the simultaneous task of keeping balance in
the 3-dimentional space.

There was a 1.23 times increase in the total successful attempt duration in the experiment (450.11
versus 363.86), while increase for the model was 1.07 times (202.04 versus 188.01). To find the optimal
combination of the interaction effect parameters 𝑦𝑘 in the Eq. (5) between four aforementioned muscle
connections we calculated all of the Pearson correlation coefficients for all EMG channels combinations
during the first five minutes of the experiment. These coefficients were then applied to the model
in order to achieve the model state equal to the untrained subject. All of the interaction coefficients
besides tested pairs were fixed. Starting from that point we scanned the values of four coefficients
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(𝐶LGM−RTA, 𝐶LGM−RGM, 𝐶RGM−RTA, 𝐶RRF−RTA) in range 0–0.5 (typical correlation coefficient
range for the experimental data) and calculated the longest total time of successful attempts for the
platform. The results are shown in the Fig. 4. The largest value of 308.27 seconds was obtained for
the 𝐶LGM−RTA =0.48, 𝐶LGM−RG = 0.42, 𝐶RGM−RTA = 0.37, 𝐶RRF−RTA = 0.48 combination. We
found that the maximums of duration values for the muscle pairs are not located in the marginal points.
That means unlimited increment of correlation even between good pairs will not lead to the longer
equilibrium duration time. These correlation coefficients are also differ from the values obtained for the
experiment, but the ratio of these coefficients is close. Thus, we can speculate that humans with the
values of correlation coefficients to the obtained in the numerical simulation could be more successful
in the balance keeping experiment.

Conclusions

The regularities of the process of training to maintain equilibrium were investigated both from the
point of view of behavioral characteristics and from the point of view of muscle activity. A model for
maintaining equilibrium was constructed, demonstrating results qualitatively similar to those observed
in the experiment. This model helped to reveal the features of the interaction between the main muscle
groups in the process of maintaining equilibrium, as well as changes in their interaction during training.
The obtained results confirm that both model and untrained subjects were able to develop the ability
to maintain equilibrium on a balance platform. The duration of the longest successful attempt changes
significantly from session to session. Participants were more successful than the model and showed
better balance during the experimental sessions. Model data analysis revealed that correlated interaction
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increase should be specific rather than random in order to improve such complex activity as balance
keeping. It also showed that unlimited increment of correlation even between good pairs will not lead to
the longer equilibrium duration time. The correlations between muscle pairs have rather narrow range
of values helping to achieve better duration of balance keeping and suggest a consolidtate optimal
configuration including both the muscle pattern and the pattern of correlations between the muscles.
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