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1 Paper Review | M. C. Rosenberg, J. L. Proctor, and K. M. Steele, 2024 
Rosenberg et al. [1] applies data-driven machine learning to investigate how the use of an ankle 

exoskeleton (Exo) affects gait mechanics in both unimpaired and stroke populations, with a focus on 
alterations in an individual’s center-of-mass (CoM) during locomotion. The CoM undergoes changes during 
walking to optimize balance and energetics, making it crucial to understand how CoM dynamics are 
affected using an Exo for proper control of these devices. To analyze these nonlinear changes in dynamics, 
the authors employed Hybrid-SINDy to develop "individual-specific" models illustrating how the use of an 
Exo impacts each phase of the gait cycle, including stance and swing. 

1.1 | Summary 
As noted by Rosenberg et al. [1], Exo can improve locomotion, but their effects vary widely among 

individuals, particularly those with neurological injuries. Due to these varying effects, this paper suggests 
that personalization of Exo mechanical parameters, such as stiffness, are crucial for optimizing their 
benefits. Center-of-mass (CoM) dynamics during walking are shown to contribute significantly to 
energetics and balance for locomotion, but changes in CoM dynamics resulting from an Exo are not well 
understood. Additionally, since an individual’s response to an Exo is difficult to generalize to population-
based models [2], this study uses a data-driven modeling technique to identify individual-specific patterns 
in response to Exo usage.   

Simplified models of CoM dynamics, such as variations of the inverted pendulum model, have been 
proposed to describe walking. These models, deemed “template” models, offer a simplified framework for 
studying CoM dynamics, but pose challenges when investigating the impact of an Exo on an individual’s 
walking function. To emphasize and understand the diverse impacts of Exo usage on walking function, the 
authors the use of data-driven modeling to identify individual-specific template-signatures from walking 
data. A hybrid sparse identification of nonlinear dynamics (Hybrid-SINDy) algorithm was implemented to 
identify template-signatures in human locomotion with and without an Exo. Briefly, Hybrid-SINDy 
identifies and characterizes the underlying dynamics of complex non-linear systems. SINDy is utilized to 
find the governing equations of a dynamical system from observed data and works by finding a concise set 
of equations that can describe the system’s behavior with minimal complexity. For human walking, the 
authors identify the 3D CoM accelerations, 𝒒̈(𝑡) ∈ ℝ௠∗௡, where 𝑚 denotes the number of samples and 
𝑛 denotes the output variables, as a function of nonlinear dynamics:  

𝑑ଶ

𝑑𝑡ଶ
𝒒(𝑡) = 𝒒̈(𝑡) = 𝑓൫𝒒(𝑡), 𝒒̇(𝑡)൯, (1) 

where 𝒒(𝑡) and 𝒒̇(𝑡) are the CoM positions and velocities over time relative to the feet in three principal 
directions. This dynamical equation can be simplified using SINDy, leading to: 

𝒒̈ = 𝚯(𝒒, 𝒒̇)𝚵, (2) 
where 𝚵 ∈  ℝ௣∗௡, is a linear map to assist in interpreting CoM dynamics, 𝚯(𝒒, 𝒒̇) ∈ ℝ௠∗௣, in relation to the 
CoM accelerations. This SINDy algorithm generates a sparse model with 𝑝 = 14 (7 per leg) based on a 
threshold met by sequential least-squares regression.  Hybrid-SINDy pairs this approach with clustering 
and automatic selection of system dynamics. The authors use Hybrid-SINDy to cluster unique dynamics in 
different phases of the gait cycle (deemed “template-phases”) and automatically chose and define system 
dynamics that best describe the collected data.   

Using Hybrid-SINDy, Rosenburg and colleagues analyzed walking data collected using a 3D motion 
capture system from twelve unimpaired adults and one stroke survivor. Participants walked at a self-selected 
pace in three conditions: 1) no-Exo, 2) Exo with no applied stiffness (zero stiffness), and 3) Exo with applied 
stiffness (high stiffness). Hybrid-SINDy clustering was used to reduce noise and identify frequently 
occurring dynamics within specific gait phases, and model estimation was accomplished by using SINDy 
to estimate sparse coefficients for multiple template-signatures based on gait phase. Multi-model inference 
was used to construct a template signature for each gait phase, which were then normalized to participant 
parameters. The impact of an Exo on CoM dynamics was assessed by comparing template-signature 
coefficients between the three different walking conditions.  
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Following this framework, the authors demonstrated that template-signatures derived from the no-Exo 
walking revealed common representations of CoM dynamics among the individual unimpaired participants. 
Unimpaired adults were shown to have unaffected CoM dynamics that remained robust for passive Exo 
walking compared to the no-Exo condition. During single-limb support in the gait cycle, an Exo had 
minimal effects on template-signatures compared to no-Exo walking. During double-limb support, 
however, the deviation from the no-Exo template varied. In particular, the single stroke participant had 
template-signatures that revealed asymmetry in CoM dynamics, particularly in double-limb support. 
Despite variations between participants, however, the identified template-signatures explained 67-94% of 
the CoM variance with the given algorithm constraints. These identified template-signatures showed 
consistent selection of near spring-loaded inverted pendulum models used to represent a simplified model 
of walking with a stiffness-varying Exo. The applied Hybrid-SINDy algorithm was crucial in discerning 
individual-specific changes resulting from the Exo and provided interpretable insights into how the CoM 
dynamics vary for individuals. These insights hold significant implications for the development of control 
algorithms for assistive and rehabilitative devices like an Exo, as understanding individual-specific patterns 
in CoM dynamics and gait can inform the design of personalized control strategies tailored to optimize 
locomotion for each user. 

1.2  | Limitations and Societal Considerations 
Rosenberg et al. [1] identifies several limitations in their study, noting that while Hybrid-SINDy 

effectively captured the CoM dynamics while walking with an Exo, the derived template-signatures showed 
similar accuracy to prior work with predefined 2D template-structures, suggesting limited improvement 
over pre-existing models of simplified dynamics. Additionally, it is acknowledged that only lower-limb 
dynamics are evaluated, leading to potential inaccuracies that may arise from lack of upper-limb or torso 
dynamics during locomotion. This work also acknowledges the inability to generalize findings to different 
populations or tasks, such as individuals with neurological injuries, due to their limited sample size and 
task-specific data. While Hybrid-SINDy offers advantages in identifying changes in CoM dynamics, it may 
not fully capture phase-varying dynamics. This assumption of the time invariance in CoM dynamics ignores 
potential adaptation to Exo usage while walking.  

Inaccurate representation of whole-body dynamics, lack of generalizability to populations, and 
assumptions of time invariant responses to an Exo can impact control applications. Incomplete mechanism 
libraries for modeling CoM dynamics with an Exo, along with the impact of noise in collected data and 
non-generalizable findings, may lead to inaccuracies in models used for control algorithms. This may 
potentially compromise the control algorithm effectiveness, particularly in neurologically impaired 
populations with gait deviations. Use of an Exo for improving locomotion, especially among individuals 
with neurological injuries, is a crucial societal consideration for both rehabilitative and assistive purposes. 
Understanding the effects of an Exo on gait is crucial for optimizing Exo benefits and ensuring safe and 
effective use, as improper use can lead to detrimental effects.  

In the broader context of control and machine learning, the challenges highlighted by the limitations of 
the study demonstrate the importance of robust modeling techniques for informing control algorithms, 
particularly in complex systems such as exoskeleton-assisted locomotion. Additionally, the use of Hybrid-
SINDy shows the adaptability of data-driven modeling applications to provide targeted control algorithms 
that allow personalized assistance/rehabilitation, such as only providing Exo stiffness as certain points in 
the gait cycle as identified by Hybrid-SINDy models. This study contributes to building a foundation for 
control applications in rehabilitation and assistive technologies through use of data-driven modeling, such 
as SINDy, outside of simulations and synthetic datasets and in more noise-prone environments.  

1.3  | Data Availability and Replication 
The paper provides detailed information about the methodology used, including the Hybrid-SINDy 

algorithm and its implementation for analyzing CoM dynamics with and without an Exo. The data used for 
this study is publicly available and included in the publication, as well as the analysis and model code. For 
replication of this work, adherence to the published methods and instructions in the available code can be 
used, although slight deviations in results may occur due to the cutoff points of the algorithms implemented.  
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2 Related Literature 
2.1 | Ankle Exoskeletons 

Ankle exoskeletons, such as those analyzed by Rosenberg et al. [1], are wearable devices that may 
assist or resist the user during a specific task to improve energetics, gait mechanics, or rehabilitation 
outcomes [1], [3]–[8]. These wearable devices may be powered or unpowered but operate under the same 
strategy of supplying additional torque or stiffness at key points in the gait cycle to achieve desired walking 
mechanics [3], [5], [6], [9]. This torque or stiffness is achieved through spring-damper interactions as 
described in Rosenberg et al. [1]. An example of their use is improving toe-clearance during walking by 
providing additional torque [3] or by restricting ankle rotation to provide stability during locomotion [1]. 
Their effectiveness for rehabilitative or assistive purposes is often contested due to the individual-specific 
response, leading to potential deficits in walking function if device parameters are not controlled properly 
[5], [8]. Thus, there is a need to develop individual-specific models for ankle exoskeletons to maximize the 
benefits and optimally control the various parameters that contribute to changes in gait mechanics.  

2.2 | Individual Specific Modeling 
Individual specific models are often used in biological systems due to the individualized responses 

elicited from various interventions or interference [1], [10]–[14]. As demonstrated by Rosenberg et al. [1], 
there exists unique characteristics and behaviors of individual subjects within a population when analyzing 
gait mechanics [1], [14]. These differences are more noticeable and prevalent in populations with 
neurological impairments, such as stroke, leading to a lack of generalizability for many control algorithms 
for wearable robotic devices [1], [13]–[15]. Consequently, individual-specific models may be employed to 
account for individual differences, thus improving the accuracy and applicability of control algorithms and 
developing a more accurate understanding of the underlying dynamics driving the investigated responses 
[1], [15], [16].  

Individual specific modeling can be achieved by using observed experimental or simulated data to 
develop models that do not rely on a generalized algorithm or inaccurate assumptions that do not account 
for variety within a population. While use of a simplified or generalized model may assist in interpretation, 
such as the spring-loaded inverted pendulum model for walking as described by Rosenberg et al. [1], these 
models do not account for variability in individuals with deviations when compared to the nominal response 
expected. Thus, it is suggested that implementation of fundamental underlying physics can be used and 
individualized when building models for interpretation of response to interventions, control applications, 
and more [1], [5], [15], [16]. 

2.3 | Sparse Identification of Nonlinear Dynamics (SINDy) 
Sparse identification of nonlinear dynamics (SINDy) is a data-driven method that uses sparse regression 

and compressed sensing within high-dimensional data to discover the underlying dynamical equations 
governing a system [17], [18]. Traditional modeling approaches may be challenging to implement due to 
limited knowledge of the underlying physics, presence of noise in data, or extreme non-linearity, and thus 
SINDy is an alternative method for developing lower-dimensional models that account for dynamical 
responses in a system[1], [17], [18]. SINDy leverages the existence of sparse dynamics that most physical 
systems demonstrate, such as those analyzed by non-negative matrix factorization and principal component 
analysis in walking [17], [18].  

Briefly, application of SINDy begins with the collection of observational or simulated time-series 
measurements of a system [17], [18], such as walking kinematics and CoM as analyzed in Rosenberg et al. 
[1]. Following this, the SINDy algorithm constructs a library of possible functions based on the chosen 
state variables to discover appropriate models based upon the input data. SINDy uses sparse regression 
techniques to identify most relevant terms in the system’s dynamics that account for most of the system’s 
variance. Using these techniques, SINDy identifies and constructs a model using a lower-dimensional 
sparse set of coefficients representative of the system dynamics and the found dynamical equations derived 
from the library of functions [17], [18].  
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Since the techniques used by SINDy are data-driven, SINDy can build individual-specific models that 
do not rely on generalized equations or assumptions as demonstrated by Rosenberg et al. [1]. Additionally, 
the use of SINDy allows for the discovery of unknown dynamical equations that may govern a system, such 
as those that occur when walking with an ankle exoskeleton of various applied torque and stiffness[1], [17], 
[18]. Consequently, using SINDy and SINDy based applications to analyze human locomotion when 
walking with wearable devices, such as ankle exoskeletons, is particularly useful to determine accurate 
dynamical models of the non-linear behavior demonstrated [1].  

2.4 | Potential Applications and Future Work 
Utilizing a Hybrid-SINDy approach to analyze impact from ankle exoskeleton usage in human 

locomotion demonstrated the need for discovering the underlying dynamics governing responses to 
determine the appropriate exoskeleton parameters to achieve desired gait mechanics [1]. Rosenberg et al. 
[1] found that unimpaired individuals may generalize to certain gait-phase specific responses depending on 
the applied exoskeleton stiffness. It is suggested that responses in individuals with neurological injury, such 
as the case study analyzed in Rosenberg et al. [1] may be better understood when the dynamics are 
discovered through data-driven approaches to mitigate assumptions made in simplified locomotion models 
[5], [6], [8], [10]. Thus, future work should explore employing the use of SINDy in neurologically impaired 
populations to aid in developing appropriate parameters for rehabilitative and assistive usage of ankle 
exoskeletons and avoid potential negative effects of these devices arising from improper usage and 
personalization.  

While CoM dynamics and variation in response to ankle exoskeleton usage has highlighted the 
importance of individual-specific personalization for these devices in order to optimize energetics and 
balance, there remains an uncertainty as to how these devices impact other factors of human walking, such 
as muscle activity and pattern recruitment [19]-[21]. Understanding how ankle exoskeletons impact muscle 
activity is crucial to evaluating their effectiveness for assistive and rehabilitative purposes to prevent fatigue 
and optimize usage of the device on walking mechanics. Additionally, many ankle exoskeletons have 
investigated using muscle activity to independently control the response and behavior of the exoskeleton, 
however, the control algorithms implemented are often insufficient to control non-linear behavior outside 
of single-task environments, such as walking on a treadmill [4], [6], [22].  

As outlined by Rosenberg et al. [1], SINDy and related variations offer promising alternatives to 
traditional individual specific modeling approaches. It has been shown that muscle activity may describe 
individual specific gait patterns, allowing for use of muscle activity in building models for control purposes 
[16], [23]. Incorporating SINDy-based approaches into the analysis of muscle activity dynamics could 
provide valuable insights into the interplay between exoskeleton effects and muscular responses, enabling 
more nuanced control strategies. Using SINDy to interpret the responding dynamics of muscle activity to 
inform control algorithms, such as those that occur from a gait-phase specific ankle exoskeleton torque or 
stiffness, may achieve higher control accuracy than traditional generalized methods, particularly for 
individuals with neurological injury that may have gait deviations that cannot be described by simple linear 
models.  
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