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Abstract. The study of postural control system is relevant by academic and clin-

ical points of view, and it can be improved by considering model-based ap-

proaches. In this framework, to improve the understanding of the underlying 

mechanism of balance control, it is often necessary to apply external perturba-

tions to the body of a patient. This work deals with the parametric identification 

of postural control models by fitting with experimental data collected with a cus-

tom-made automated perturbation device. The results of model optimization are 

discussed and provide a preliminary validation of the methodology. 
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1 Introduction 

Balance is a challenging task that involves the continuous action of the postural control 

system, even in a quiet stance. The human body is inherently unstable and tends to fall 

under the gravitational force action. The dorsi/planta flexors muscular tone and the vis-

coelasticity of the ankle joint tissues provide about 60-90% of the necessary corrective 

torque needed to maintain balance [1–3]. Therefore, an active modulation of the ankle 

and hip muscle contractions is required to produce stability. The active joint torques 

magnitudes, and the multi-joint coordination are managed by the central nervous sys-

tem thanks to the afferences provided by the somatosensory, visual, and vestibular sys-

tems. 

In order to study the human postural reaction, it could be useful to analyze the pa-

tient’s response to external mechanical stimuli. However, the physiological and biome-

chanical responses strongly depend on the perturbation’s characteristics [4], which can 

be classified by application point or dynamics. The perturbation can be applied to the 

base of support or to the trunk. In the first case, shifting [5,6] or rotating [7] platforms 

are employed; in the second, pulling or pushing forces are imparted to the patient by 

releasing pendulum [8] or weight connected to the body via a cable [9], by pneumatic 

[10,11] or electric [12] actuators, or through the action of manual devices which record 

the impact force [13]. Despite the wide variety of tests available, the complex interac-
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tion between physiological systems that contribute to the balance makes the interpreta-

tion of experimental results difficult. In this sense, model-based analyses [8,14–17] 

could be a helpful tool to achieve information about not easily monitored variables, 

such as joint angles and torques. Generally, human stance is modelled as a single-link 

inverted pendulum (SIP) pivoting on the ankle. Healthy subjects standing on a stable 

surface, in fact, prefer the ankle strategy to recover or maintain balance. On the other 

hand, the adopted strategy also depends on the previous experience of the subject and 

the entity of the disturbance, therefore ankle and hip strategies may be both present in 

postural control, with one dominating the other. In this regard, a double-link inverted 

pendulum (DIP) could provide additional information and more realistic kinematic re-

sult about postural response with respect to the single-link model. 

This work aims to present the parametric identification of SIP and DIP models based 

on experimental data collected during dynamic posturography trials. These analyses 

have been possible thanks to a custom-made automatic device used to perturb balance 

in healthy subjects with appropriate control of the magnitude and duration of the per-

turbations. The aim of this study is to provide customizable and robust models that can 

help in the investigation of the mechanisms underlying postural control. 

2 Materials and Methods 

2.1 Experimental trials with automated perturbation device 

Posturographic analyses have been conducted on 11 healthy subjects (age = 22.82 ± 

2.18 years; weight = 62.45 ± 9.50 kg; height = 171 ± 11 cm; BMI = 21.36 ± 1.76 kg/m2) 

with a custom-made prototype of an automated perturbation device (AP). Each analysis 

consisted in multiple perturbations with selectable impulse (i.e., time integral of the 

force profile) exerted to the back of the subject at a defined location between the scap-

ulae. Due to prior research, two impulse levels, 6 Ns and 10 Ns, were considered to 

elicit responses of different amplitudes without running into the risk for falling or evok-

ing step responses in any subject. The two levels were obtained by fixing the magnitude 

of the perturbation force at 40 N and by changing its duration between 150 ms and 250 

ms. Each subject was standing on a force platform and faced in the opposite direction 

with respect to the operator handling the AP, to ensure the unpredictability of the per-

turbation. The signals recorded by the force platform were processed to estimate the 

center of pressure (CoP) displacement over the base of support.  

The perturbation device (Fig. 1d, [10]) consisted of a double-acting linear pneumatic 

actuator controlled by two flow-proportional valves and was directly handled by a hu-

man operator. The accuracy, repeatability and scalability of the perturbations enabled 

by the device have already been discussed in previous works and proved to be adequate 

for this application [10,11]. Examples of the force and CoP signals obtained during a 

session with a 10 Ns impulse reference are shown in Fig. 1a-b, along with a scheme of 

a typical trial set-up (Fig. 1c). The signals were digitally filtered (Butterworth low-pass 

filter, 8th order − 150 Hz cut-off frequency for the force signal, 4th order − 20 Hz for the 

CoP) and segmented in order to get a consistent set of data that included 5 consecutive 

perturbations at each impulse level. 



3 

 

Fig. 1. Force (a) and CoP (b) signals for 10 Ns stimuli. Each plot shows 5 consecutive stimuli 

and the average signal in bold line. (c) Set-up of a trial, AP is the automatic perturbator (d). 

2.2 Single-link and double-link inverted pendulum models 

The segmented experimental data were used to fit two models for postural control based 

on inverted-pendulum formulation. A single (SIP) and a double (DIP) link models have 

been implemented in MATLAB-Simulink® to assess the dynamics of the human body 

in perturbed balance conditions. The non-linear analytical description of the plant has 

been considered in both cases, differently from the linearized version that is commonly 

used in similar works [14,16,17], to take into account those postural responses whose 

magnitude does not fall in the small displacement hypothesis. Figure 2 shows a repre-

sentation of the free-body diagrams used to derive the mathematical formulation of the 

dynamics of both models. 

 

Fig. 2. Free-body diagrams for SIP (a) and DIP (b) models. 

The diagrams clearly show the role of the correcting torques τi at each joint that are 

critical to achieve the stabilization of the system. Each torque has been modelled as the 

sum of a passive (intrinsic) and an active contribution, the former being dependent on 

the constraints and the visco-elastic behavior of tissues surrounding the joint, the latter 

being the result of the neuro-muscular control performed by the central nervous system 

(CNS) along with the afferences provided by the sensory systems through their respec-

tive feedback paths. In particular, the passive control can be generally described by the 
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sum of an elastic and a viscous term, whereas the active control is often implemented 

as a delayed, proportional-derivative (PD) action [15,17]. The torques included in SIP 

and DIP models have been implemented according to this approach, which requires the 

knowledge of the rotation angles and angular velocity at each joint. That information is 

part of the dataset that the CNS handles when posture is adjusted in quiet standing or 

during and after a perturbation. To account for errors in such estimation from the CNS, 

pink noise has been included in the model and tuned according to the literature (mag-

nitude = 4∙10-3 rad [17]). The time delay setting for the active control action is necessary 

to take into account the finite response time of CNS coordinating the musculoskeletal 

system in the development of the postural reaction. Finally, as suggested by previous 

works [18], the muscle activation dynamics has been implemented by means of a sec-

ond order transfer function (ωn=15.7 rad/s, β=0.7) in series with the neural controller 

to filter out the high-frequency components of the controller output that are not com-

patible with the dynamics of the musculoskeletal system. 

Some authors suggest the adoption of a term proportional to the acceleration within 

the active control logic when muscle activation dynamics is considered [19,20]. This 

approach has been tested in the SIP model, however it did not seem to be reasonable 

for the application considered. This result will be discussed later and motivated the 

exclusion of acceleration-related terms in the active control for the DIP model. In the 

latter, additional (indirect) terms considering the coupling between the two segments 

were added, as shown in [17], that link the torque at one joint to the rotation and angular 

velocity occurring at the other joint. A scheme reporting the general configuration of 

balance control system as implemented in the current work is presented in Fig. 3. 

 

Fig. 3. Modeling of postural control system. 

2.3 Parametric identification of balance control models 

Optimization techniques for the parametric identification of SIP and DIP models have 

been investigated to achieve the best fit with the experimental dataset discussed in Sec-

tion 2.1. A nonlinear least-squares solver (lsqnonlin in MATLAB®) has been selected 

as an adequate tradeoff between computational time and goodness of fit. This method 

requires an initial guess of the unknown parameters as input, that were derived from 

previous works [8], and it enables the possibility of setting lower and upper boundaries 

for each parameter. These limits were selected as large as possible to avoid over-con-

strained optimization, but still they helped in avoiding unrealistic sets of parameters 

(e.g., negative time delays) that could potentially lead to not feasible local minima of 
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the objective function. The latter was designed as the root-mean-square error (RMSE) 

between the average CoP signal measured during experimentation (CoPe) and the one 

predicted by the model (CoPm). 

Before the optimization could be performed, the body mass and height of each sub-

ject were used to estimate the anthropometric parameters required by the models ac-

cording to the formulation presented in the literature [21]. The point of application of 

the perturbation was set at the same height measured during trials (T4-T5 level), while 

its magnitude was set equal to the force signal averaged over 5 consecutive stimuli. 

Due to the different formulations, the parameters included in the optimization algo-

rithm were different between SIP and DIP models. Regarding SIP model, the active 

control proportional Kp and derivative Kd terms, the time delay Td, the acceleration-

proportional gain Ka, and the passive viscous gain B were subjected to optimization, 

whereas the passive elastic gain K was set to the 60 % of the critical stiffness of the 

ankle joint [22]. The same logic was applied to the DIP model, leading to the following 

set of parameters to optimize (1 refers to the ankle joint, 2 refers to the hip joint): the 

active control gains Kp11, Kd11, Kp22, Kd22; the time delays Td1 and Td2; the passive vis-

cous gains B1 and B2. The indirect terms of the active control action (Kpij, Kdij) were 

fixed and set according to the literature [17], while the passive elastic gains K1 and K2 

were respectively set to the 60 % and to the 100 % of the respective joint critical stiff-

ness, in agreement with the literature [22]. 

The optimization was performed separately for each subject and for each impulse 

level (6 Ns and 10 Ns). Each simulation led to an optimal set of parameters and to a 

corresponding value of RMSE between experimental and estimated CoP signals.  

3 Results and Discussion 

Figure 4a-c shows an example of the simulation outcomes on a single subject. Figure 

4d shows the RMSE normalized with the maximum of CoPe (NRMSE) for each subject 

and for both SIP and DIP models, considered as a metrics for goodness of fit. 

 

Fig. 4. Force signal (a), rotation angles (b) and CoP (c) fit for a single subject in SIP and DIP 

models. (d) Normalized RMSE values (NRMSE) for all subjects tested. 
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A qualitative assessment of fitting accuracy for a specific subject can be observed by 

the curves shown in Fig. 4c. In this particular case, the RMSE values obtained for both 

SIP and DIP models were lower than 5 mm, with the latter performing slightly better. 

This result was not confirmed for all the subjects as shown by data presented in Fig. 4d, 

since fitting for the DIP model at 6 Ns impulse level was sub-optimal for three subjects 

(#1, #2 and #10). This outcome may depend on multiple factors: (1) lsqnonlin algorithm 

performs local optimization, therefore the minimum of the objective function might be 

elsewhere; (2) low level impulse perturbations might evoke small oscillations in those 

subjects that compromise the usage of a double-link model. The latter hypothesis is 

motivated by the fact the DIP model still fits correctly in those subjects for 10 Ns per-

turbations. However, in-vivo data about kinematics or muscle activation would be nec-

essary to confirm this deduction. 

The values of optimized parameters obtained for both models are shown in Fig. 5.  

 

Fig. 5. Balance control parameters obtained after optimization: SIP model (top); DIP model, an-

kle joint (center); DIP model, hip joint (bottom). For each plot, x-axis presents the parameters 

obtained at 6 Ns, y-axis shows the corresponding values obtained at 10 Ns. 

Only Ka (acceleration-proportional feedback in SIP model) was not included in the fig-

ure since it was forced to the lower boundary (0 Nms2/rad) by the optimization algo-

rithm for most of the subjects. This result is in contrast with the findings of some au-

thors in the literature [20], however this might be explained by the significantly differ-

ent features of the perturbation considered. In our work, the direct application of an 

impact force to the body of the subject causes a sudden increase of the body acceleration 

that is likely superior to the one considered in previous works. Therefore, the imple-

mentation of an acceleration-proportional feedback results in an overestimation of the 

control torque that does not allow accurate fit of the model. Data presented in Fig. 5 

show quite a large variability of the optimized parameters among the different subjects, 
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nonetheless they are coherent with similar results presented in the literature [8,17,20]. 

Those differences might be related to inter-subject variability and could be in some way 

considered for a subject-specific characterization of postural control. However, further 

work has to be done to assess the robustness and physical or clinical significance of 

these parameters.  

Finally, the same set of parameters obtained at the lower level (6 Ns) was used for 

simulating the behavior of the system when subjected to higher impulse level (10 Ns) 

perturbations, to investigate the ability of each tuned model to predict the postural re-

sponse without falling into unrealistic behavior or instability. Figure 6 shows the results 

of these simulations, in which ΔRMSE was used as an indicator of the worsening in the 

quality of fit.  

 

Fig. 6. Increase of residuals (ΔRMSE) for SIP and DIP models by selecting the sub-optimal 

configuration of control parameters. The results refer to 10 Ns impulse level. 

For each subject, this parameter was calculated as the difference between the RMSE 

values respectively obtained by choosing the sub-optimal (estimated for the 6 Ns im-

pulse level) and the optimal (estimated for the 10 Ns impulse level) sets of parameters. 

The outlier highlighted in Fig. 4d were excluded from this analysis. As shown in Fig. 

6, the increased variance of the residuals for sub-optimal configuration of the control 

parameters was still lower than 5 mm for most of the subjects. Only two subjects (#3 

and #5) showed large ΔRMSE due to significant differences between the sub-optimal 

and the optimal sets of control parameters provided by the algorithm. No significant 

difference was observed by comparing SIP and DIP results. This result provided a pre-

liminary validation of the methodology and confirmed that both models, after tuning, 

were able to predict the postural response with a good level of accuracy for most of the 

subjects considered.   

4 Conclusion 

This work showed the application of a nonlinear optimization technique to parametric 

identification of postural control models. Those were fit to experimental data obtained 

during dynamic posturographic analyses performed with a custom-made automated 

perturbation device, which was able to exert perturbations with controlled impulse 

level. The accuracy of fitting was good for most of the subjects tested, leading to a 

preliminary validation of the methodology and to a set of optimized models that could 
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effectively predict the postural reactions in terms of CoP displacement over the base of 

support. 

Compared to the previous work from the authors [11], the muscle activation dynam-

ics implementation allowed for smoother CoP behavior in line with the measured sig-

nal, whose component frequencies are less than 20 Hz. Moreover, the identification of 

passive elastic and viscous gains unique for each subject allows for taking into account 

the influence of the anthropometric characteristics within the passive contribution. In 

this way, the active contribution should be influenced just by different postural control 

strategies. Finally, a double-link model has been developed to consider a hip strategy 

that could play a significant role, especially in response to greater impulses. However, 

neither SIP nor DIP model has proven to be indisputably optimal in terms of quality of 

fitting, hence their suitability to predict the correct behavior of postural control system 

remains under discussion. Of course, they allow for different observations since kine-

matics and dynamics variables refer to systems with single (SIP) or multiple (DIP) de-

grees of freedom. Therefore, the choice of the optimal model surely depends on the 

entity of the research questions to be answered.  

Parametrized models of balance control can help in the investigation of the mecha-

nisms and strategies developed to maintain the equilibrium, due to the simplified yet 

detailed description they allow of postural control system. The implementation of opti-

mized postural control models can support the physical interpretation of parameters 

collected by experimentation (as the maximum CoP displacement, or the latency be-

tween perturbation and response) and improve the understanding of how those param-

eters are influenced by the characteristics of the subjects in a wider scenario than the 

one that can be feasibly investigated with experimental trials. However, it is fundamen-

tal to obtain good fitting with experimental data to consider a model reliable and accu-

rate enough. In this sense the outcomes of our study are promising but, to further im-

prove the quality of the results, future work should consider: (1) adding sensory feed-

back pathways to the models; (2) implementing more sophisticated models for neural 

controller, as suggested by recent literature [23,24]; (3) testing global optimization 

techniques to improve the goodness of fit; (4) expanding the experimental dataset. 
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