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The human nervous system stabilizes locomotion by continuously correcting for 

deviations away from the desired gait pattern through making transient changes to 

muscle excitations. We refer to this correction process as “muscle modulation”. It 

remains unknown how muscle modulations are implemented in the larger framework 

of human neuromuscular control to achieve stability. Such knowledge has implications 

across various health and engineering fields. Systematic identification of the properties 

of the nervous system can provide insight into the role that different muscle 

modulations play in human walking. Additionally, mathematical models of human 

walking can be used to test the validity of different neural controllers. In this thesis, we 

devised three studies to further our understanding of the role different muscle 

modulations play in human walking and hypothesize the neural mechanisms involved 

in producing them. 



  

In study one, we investigated the role of the ankle dorsiflexor muscle, tibialis anterior, 

modulation in the control and stability of human walking. Previous research from our 

lab has suggested a novel role for the tibialis anterior in speed control during early 

stance. To investigate this role, we imposed a restriction on ankle dorsiflexion using a 

taping method, which limited the ability of this muscle to accelerate the body forward 

during early stance. We characterized the kinematic and muscular responses of this 

“restricted” walking to mechanical perturbations and compared the results with those 

from “normal” human walking. Our results support the idea that early stance 

modulation of tibialis anterior muscle regulates speed control. 

In studies two and three, we used mathematical models of human walking to investigate 

the neural mechanisms involved in foot-placement. In study two, we examined whether 

a model of human locomotion that is purely controlled by spinal reflex mechanisms 

can produce muscle modulations observed in human locomotion. In study three, we 

developed a model of human walking and examined its response to mechanical 

perturbations of the leg. Together these studies provided insight into the types of neural 

mechanisms the human nervous system uses to stabilize walking. We observed that 

gated reflex mechanisms can produce some of the human responses to external 

perturbations, but not all.  
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Chapter 1 : Introduction 

1.1 Problem Statement: 

Bipedal walking is arguably the signature movement of humans as a species and the 

most important activity of daily living for general mobility. Many pathological 

conditions that affect the neuromuscular system, such as Parkinson’s disease (Wood et 

al., 2002; Allen et al., 2011) or gait disorders associated with old age (Masud and 

Morris, 2001) make it difficult to walk. A mechanistic understanding of neuromuscular 

control of walking, such that accurate predictive computer models can be created, 

would help in understanding the structure and function of the nervous system both in 

health and pathology, which is one of the central problems in motor control. 

Human walking is locally stable (Dingwell and Kang, 2007), which means that humans 

can return to their original gait pattern after being exposed to small external or internal 

perturbations (Faisal et al., 2008). Maintaining locomotion stability might seem easy 

given that walking typically requires little conscious effort in a healthy state. However, 

bipedal walking is inherently unstable in the absence of sensory information. Imagine 

walking without visual information or any tactile feedback. Neural feedback plays a 

crucial role in human walking stability. When perturbations cause a kinematic 

deviation from a desired gait pattern, the human nervous system uses sensory 

information to make transient changes in the periodic patterns of muscle excitations to 

help the system converge back to its original behavior (i.e., stable limit cycle). The 

collection of the nervous system’s responses to the perturbation is called “stabilizing 
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strategies.” Insight into how these strategies are implemented at the neural level (i.e., 

“neural control mechanisms”) has important implications in various research fields: 

e.g., designing bipedal robots (Collins et al., 2005), prostheses (Tahir et al., 2018) or 

assistive devices for populations with locomotor disabilities (Martelli et al., 2017). 

However, neural control of human locomotion is not yet fully identified. 

Developing predictive models of neuromuscular control is complicated by the variety 

of mechanisms that contribute to neural control of human walking. Two main 

categories of potential neural control mechanisms have been proposed in the gait 

literature: counteractive mechanisms, and non-counteractive mechanisms.  

Counteractive mechanisms oppose the kinematic effect of the perturbations shortly 

after they occur. They rely on fixed-latency gated reflex pathways to change the neural 

command. Due to the straightforward nature of the involved neural reflexes, which 

often involve a single joint, it has been relatively easy to identify the role of 

counteractive mechanisms in gait control (e.g., Dietz et al., 1986a; Eng et al., 1994a). 

However, counteractive strategies alone cannot explain gait neural control.  

To optimally control human gait, the nervous system also adopts non-counteractive 

strategies to proactively prevent the potential effect of the perturbations (e.g., Patla, 

2003a) or retroactively compensate for them (Rafiee and Kiemel, 2020). Rather than 

opposing the perturbation at a single joint, non-counteractive mechanisms work on a 

whole-body level. In addition, non-counteractive responses may be delayed until an 

appropriate phase, when the response can be more successful than an immediate 
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response. It has been suggested that to implement non-counteractive responses, the 

nervous system uses sensory information to estimate the future state of the system and 

update the neural command based on that information (Logan et al., 2017; Rafiee and 

Kiemel, 2020). Due to the complicated nature of the non-counteractive strategies, 

which involve controlling multiple degrees of freedom (DOF), identifying the non-

counteractive mechanisms of walking neural control remains a challenge. 

Using external mechanical perturbations in combination with system identification 

(ID) methods allows making inferences about the role of each muscle in human walking 

(Logan et al., 2017; Rafiee and Kiemel, 2020). However, full identification of the 

neural controller requires applying a large number of independent mechanical 

perturbations (equal to at least half of the system’s DOF). In addition, taking the black 

box system ID approach which only provides information about the relationship 

between the inputs and outputs, it would be impossible to use experiments to infer the 

neural mechanisms responsible for producing those responses. Studying the response 

of human walking to all perturbations goes beyond the scope of this thesis. A more 

attainable aim is designing a set of studies to identify the response of human walking 

to a specific group of perturbations and to use computer simulations to test 

hypothesized neural controllers that can produce the observed responses.  

One of the important subtasks of human locomotion is ensuring correct foot-placement. 

When perturbed, people initially step in the direction of the mechanical perturbation 

(Wang and Srinivasan, 2014) and compensate for the foot-placement errors in the 

following steps (Joshi and Srinivasan, 2019). If the leg is placed too far in front of the 
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body, is too late to bring the leg back. Instead the nervous system can use non-

counteractive mechanisms to move the pelvis forward relative to the foot (Rafiee and 

Kiemel, 2020). Modulation of anterior muscles, including that of the tibialis anterior 

(TA), during early stance is hypothesized to be one of these non-counteractive 

strategies that helps propel the body forward and regulates the speed of the center of 

mass (Rafiee and Kiemel, 2020).This hypothesis is compelling because it proposes an 

additional role for the TA in gait, where this muscle is typically thought to be important 

for other tasks such as ground clearance (Boakes and Rab, 2006).  However, this 

hypothesis needs further confirmation. The goal of this thesis is therefore 1) to verify 

whether the early stance modulation of TA plays a role in gait speed control, 2) to 

examine whether this response can be categorized as non-counteractive and 3) to 

examine potential neural mechanisms that contribute to this modulation. 

1.2 Approach: 

Various methods have been used to identify the role of muscle excitations in gait 

control. However, using external perturbation in combination with system ID methods 

can provide causal inferences about the properties of the nervous system. Our lab has 

developed a technique that characterizes the human walking response to small external 

perturbations and allows investigation of the stabilizing role of different muscle 

modulation in gait control (Kiemel et al., 2016). In this thesis, we use this technique to 

verify the previously hypothesized role of TA modulation in gait control and expand 

on our understanding of the neural mechanisms that contribute to it. This purpose is 

pursued in three specific aims. 
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1.3 Specific Aims: 

Aim 1: To verify the role of early stance TA modulation in speed control 

Early stance modulation of the TA muscle is one of the non-counteractive strategies 

suggested to regulate foot-placement (Rafiee and Kiemel, 2020). In study 1, to 

investigate the role of early stance modulation of TA in controlling gait speed, we 

limited the contribution of this dorsiflexor muscle to gait. We impose a restriction on 

ankle dorsiflexion using a taping method, which should limit the ability of this muscle 

to accelerate the body forward during stance. We then study how human walking is 

stabilized in response. We compare the mean patterns of muscle excitations in the 

“restricted” and “normal” conditions. More importantly, we identify differences 

between the stabilizing response in these conditions by characterizing their kinematic 

and muscular responses to lower-body mechanical perturbations. We hypothesize that 

if early stance TA modulation plays an important role in speed control, then restricting 

dorsiflexion should lead to either decreased ability to compensate for errors in foot 

placement or adaptation of alternative strategies by the nervous system to control speed 

and help the subjects maintain balance on the treadmill.  

Aim 2: To examine previous categorization of foot-placement strategies as 

counteractive /non-counteractive using a neuromechanical model of walking  

To better understand the neural mechanisms involved in the human stabilizing 

responses, the first step was to test if counteractive and non-counteractive responses 

have been previously categorized correctly (Rafiee and Kiemel, 2020). We use 

computer simulation of human walking to test the previous counteractive / non-
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counteractive classification of the muscular responses. To this end, we examine the 

response of a well-known counteractive model of human walking (Geyer and Herr, 

2010) to external mechanical perturbations. We compare its results to those from 

previous experiment (Rafiee and Kiemel, 2020). We hypothesize that if our previous 

classification was correct, the Geyer and Herr (2010) model would be able to reproduce 

responses that we have categorized as counteractive, but not the non-counteractive 

ones. 

Aim 3: To develop a hybrid neuromechanical model of human walking with 

both counteractive and non-counteractive components 

As a follow up to study 2, in study 3 we compare different types of neural mechanisms 

that can stabilize human walking. It has been suggested that the implementation of the 

non-counteractive strategies requires mechanisms such as a clock or a state estimator. 

Therefore, we develop our own neuromechanical model of human walking with both 

counteractive and non-counteractive components. Our new model is based on Song and 

Geyer (2015) counteractive model with added non-counteractive mechanisms in the 

form of a clock with phase-resetting (Aoi et al., 2010). We study whether adding this 

non-counteractive component helps the model behave more like a human in response 

to external mechanical perturbations. We hypothesize that adding a simple clock with 

phase-resetting to the model would affect the average muscle excitation waveforms and 

by extension the muscular responses induced by reflex mechanisms that rely on them. 

It is hypothesized that this clock mechanism is necessary but not sufficient for 

producing all non-counteractive responses. Therefore here, we expect our hybrid model 
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to mimic human response to external perturbations better than the counteractive model 

in study 2 for at least a subset of the muscular responses.  

 

1.4 Thesis Outline: 

To summarize, the overall goal of this thesis is to further our understanding of the role 

of different muscle modulations in foot-placement strategies and hypothesize the neural 

mechanisms involved in producing them. To this end, we first review the literature on 

human foot-placement strategies and what is known about their neural mechanisms 

(Chapter 2). Next, we use experiments to verify the role of early stance modulation of 

TA in gait speed control (Chapter 3). We then use modeling to examine previous 

categorization of foot-placement strategies as counteractive and non-counteractive 

(Chapter 4). Finally, we develop a new neuromechanical model of human walking to 

examine potential neural mechanisms that contribute to foot-placement (Chapter 5).
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Chapter 2 : Background and Significance 

In this chapter, we review how humans use foot-placement strategies to stabilize 

walking. Our goal is to clarify to what extent can human responses to external 

perturbations be explained by our current knowledge of control strategies. To this end, 

we review the role of the musculoskeletal system and nervous system in stabilizing 

walking and the mechanisms at their disposal. We then review existing knowledge on 

the role of counteractive and non-counteractive mechanisms of the neuromuscular 

controller in producing the foot-placement strategies. Lastly, we review what methods 

can be used to identify these foot-placement strategies and infer the mechanisms which 

produce them. 

2.1 Local Stability of Human Walking  

Human walking is locally stable, which means that in response to small perturbations 

it can return to its initial gait pattern. Local stability of human walking is the product 

of the interaction between the musculoskeletal system, which is responsible for 

producing movement, and the nervous system, which dictates the neural commands. 

From a control theory perspective, this structure consists of two entities: 1) the plant, 

the entity that is being controlled; and 2) the neural feedback, the entity that controls 

(Figure 2-1) Schematic diagram of the components of neural control of human walking 

(inspired by Zehr, 2005; Pearson et al., 2006). The musculoskeletal system produces 

movement. The neural controller, then receives information about the movement 

through different sensory modalities (including vision, somatosensation and vestibular 
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sensation) and updates the command signal at different neural levels.). Both the 

controller and the plant contribute to gait stability (Holmes et al., 2006). This ensemble 

takes advantage of passive mechanisms of the plant and active mechanisms of the 

neural feedback to achieve stability in the face of continual perturbations that arise from 

internal sources (e.g., neuromuscular and sensory noise (Faisal et al., 2008)) and 

external sources (e.g., variation in walking surfaces or changes in optic flow due to 

environmental motion).  

 

Passive Components: The musculoskeletal system contributes to the control of 

locomotion through passive mechanisms. Due to intrinsic viscoelastic properties of the 

musculoskeletal system, in human walking, the plant can partially correct for small 

perturbations and help resume walking behavior. These mechanisms that are due to the 

Figure 2-1) Schematic diagram of the components of neural control of human walking (inspired 

by Zehr, 2005; Pearson et al., 2006). The musculoskeletal system produces movement. The neural 

controller, then receives information about the movement through different sensory modalities 

(including vision, somatosensation and vestibular sensation) and updates the command signal at 

different neural levels.  
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viscoelastic properties of the musculoskeletal system contributes to gait stability and 

robustness by producing zero-delay intrinsic responses to the perturbations. Muscle 

force-length and force-velocity relationships are examples of these viscoelastic 

properties. It has been established that in addition to the neural component, force 

production depends on the muscle dynamics (Hill, 1938). Therefore, any perturbation 

that affects these dynamics (for instance by increasing the muscle length) would also 

change the muscle forces and joint kinetics. That is why these passive stabilizing 

mechanisms, that change the muscle dynamics after zero neural delay, are thought of 

as instantaneous feedback loops and are called preflexes (Brown and Loeb, 2000). The 

contribution of preflexes to gait stability, even though hard to measure experimentally, 

has been extensively studied and established in the computer modeling literature 

(Gerritsen et al., 1998; Loeb et al., 1999; Proctor and Holmes, 2010). These passive 

stabilizing mechanisms are involved in both single joint as well as multi joints 

strategies.  

 

Active Components: The other category of strategies, i.e. active control strategies, are 

implemented by the nervous system, predominantly through changing muscle 

excitations from their average waveforms. Sensory information is essential for active 

locomotor control and coordinating the muscle modulations required for stabilizing 

walking. We use sensory information to set the timing of muscle excitations, regulate 

their magnitude and alter their pattern (Pearson et al., 2006). To better understand the 

role of sensory information in active control of human walking, in the next section we 
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review the literature on known and hypothesized neural mechanisms involved in gait 

control at both spinal and supraspinal levels. 

 

2.2 Spinal & Supraspinal Mechanisms in the Active Control of Walking  

Animal studies have shown that the spinal cord contains neural circuits, called central 

pattern generators (CPG), that can generate rhythmic patterns of muscular excitations 

and produce locomotor movements, even in the absence of sensory information 

(Grillner and Wallen, 1985). According to cat studies, a CPG consists of reciprocally 

interacting flexor and extensor half centers that receive parallel excitatory and 

inhibitory commands from rhythm generators and are responsible for the rhythmic 

movement production. Recent literature suggests a hierarchical nature for the CPGs 

that control the upper leg and lower leg muscles (Duysens and Forner-Cordero, 2018). 

In addition, modular rhythm generators have been suggested for the swing and stance 

(Duysens and Forner-Cordero, 2018). CPGs are responsible for coordinating 

movement for several joints through an intricate web of connections between 

neighboring neurons. Even though CPGs do not need sensory information, they 

integrate sensory information (Duysens and Forner-Cordero, 2018). Indirect evidence 

suggests that the CPGs may also play a role in generating basic patterns of human 

locomotion (Hultborn and Nielsen, 2007). These neural circuits  that produce the basic 

patterns of human locomotion can also be regulated by the supraspinal neural circuits 

(Taga, 1995; Aoi et al., 2010) 

 



  

 

 

 

 

12 

 

The other group of spinal mechanisms involved in regulating human walking are the 

population of interneurons that mediate somatosensory reflex pathways. Three main 

reflex categories are known to contribute to human locomotion. 1) Muscle stretch reflex 

is a length feedback mechanism. Afferent fibers from the primary (Ia) and secondary 

(II muscle spindles provide information about the muscle length and its rate of change 

respectively and directly synapse unto the motoneurons in the spinal cord and modulate 

their excitation (Purves et al., 2014). 2) Similarly, the Golgi tendon reflex is a force 

feedback mechanism. Afferent neurons (Ib) from the Golgi tendon organs carry 

information about the tendon tension which reflects the muscle force (Purves et al., 

2014). 3) Lastly, cutaneous reflexes regulate other spinal pathways. Afferent neurons 

carry information about touch to modify the limb movement trajectories (Purves et al., 

2014). The stumbling correction reaction is one of the most well-known examples of 

the cutaneous reflexes. These spinal reflexes are known to be highly task and phase-

dependent (Zehr et al., 1997). In addition, they are suggested to potentially bypass the 

CPG (Hultborn and Nielsen, 2007). 

 

The human walking is also regulated at the supraspinal level. At this level, the nervous 

system can directly regulate walking by controlling subtasks of locomotion such as 

postural stability (Takakusaki, 2013). Some researchers have suggested involvement 

of internal models in the direct control of locomotion (Wolpert et al., 1995; Takakusaki, 

2013). In addition, the supraspinal network can indirectly regulate walking, through 

sending simple commands to the spinal level. The supraspinal networks can both 

modulate CPGs and regulate transcortical reflexes (Matthews, 1991). Figure 2-1) 
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Schematic diagram of the components of neural control of human walking (inspired by 

Zehr, 2005; Pearson et al., 2006). The musculoskeletal system produces movement. 

The neural controller, then receives information about the movement through different 

sensory modalities (including vision, somatosensation and vestibular sensation) and 

updates the command signal at different neural levels. lustrates a schematic diagram of 

the components of neural control of human walking as described above. 

2.3 Stabilizing strategies 

Humans use the amalgam of the abovementioned mechanisms to stabilize locomotion 

in response to internal and external perturbations. In this section, we revisit the original 

question: to what extent can human responses to external perturbations be explained by 

our current knowledge of control strategies. To address this question, it is helpful to 

distinguish between gait stabilization strategies. Human walking is proposed to use two 

main classes of strategies for stabilization: counteractive and non-counteractive 

strategies. In this section, we review both categories of strategies in foot placement. 

 

2.3.1 Counteractive Strategies 

As mentioned in the introduction chapter, the term counteractive refers to a group of 

strategies in response to unexpected internal or external perturbation. Counteractive 

strategies rely on sensory information to directly counteract the effect of the 

perturbations (Patla, 2003). For instance, in response to mechanical perturbations that 

displace the leg, counteractive foot-placement strategies are implemented through 

modulation of muscles that move the leg in the opposite direction of the applied 
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perturbations (Eng et al., 1994; Rafiee and Kiemel, 2020).  In general, the majority of 

these counteractive strategies take advantage of proprioceptive spinal reflexes with 

length-feedback (e.g., Eng et al., 1994) and force-feedback characteristics (Yang et al., 

1991; Sinkjær et al., 1996; Van de Crommert et al., 1996; Grey et al., 2004). Some of 

the counteractive strategies described in the literature involve only a single joint, but 

others involve several joints, such as the stumbling correction reaction. Due to the 

properties of the mono- and polysynaptic reflex pathways, these counteractive 

responses, in general, happen a fixed latency after the onset of the perturbation. By 

virtue of having easy to detect characteristics in combination with the extended 

literature that exist on the structure of the involved spinal reflex mechanisms, it has 

been relatively easy to understand the goal of most counteractive strategies.  

2.3.2 Non-Counteractive Strategies 

Optimal control of human walking also includes proactive (Patla et al., 1991) and 

compensatory strategies (Rafiee and Kiemel, 2020) that are categorized as non-

counteractive. Proactive strategies are not directly related to local stability of human 

walking, but they provide insight into the structure of non-counteractive mechanisms. 

Proactive strategies rely on vision to predict future sensory and motor events. Obstacle 

avoidance is one of the best known proactive strategies where using visual information, 

the gait pattern is altered to avoid collisions (Patla et al., 1991). The other group of non-

counteractive strategies arise in response to mechanical perturbations, but rather than 

opposing them, these strategies compensate for the effect of the perturbations (Rafiee 

and Kiemel, 2020). For instance, in responses to mechanical perturbations that result 
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in forward displacement of the swing leg just prior to heel strike, it has been observed 

that the muscles are modulated at specific phases of the gait cycle to compensate for 

the leg being pushed forward, by propelling the pelvis forward and controlling the 

speed of the contralateral leg in the next cycle. 

 

As discussed in the introduction chapter, these non-counteractive strategies are delayed 

until an appropriate phase, rather than producing an immediate response. It has been 

suggested that when implementing non-counteractive strategies, the nervous system 

considers the biomechanics of the body and its interaction with the environment. Since 

the body biomechanics is phase-dependent, the non-counteractive strategies should use 

knowledge about the state (e.g., phase) of the system to implement the correct response. 

Therefore, the non-counteractive responses cannot be easily described by reflex 

mechanisms. Rather they presumably rely on mechanisms that provide information 

about the state of the system. To this day, identifying role of the muscle modulation in 

non-counteractive strategies has remained difficult due to two reasons. 1) The non-

counteractive strategies often involve several joints, and 2) a full neural pathway from 

the sensory input to motor output that explains the proactive responses is not known.  

 

This section reviewed the general characteristics of counteractive and non-

counteractive strategies. We conclude here that compared to counteractive strategies, 

the neural mechanisms underlying non-counteractive strategies remain to be further 

investigated. In the next section, we review the literature on the contribution of these 

categories of responses to human foot placement. 
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2.4 Control of Foot-placement in Walking 

Maintaining stability is one of the main subtasks of human walking. Foot-placement is 

one of the most important control strategies that the nervous system adopts to stabilize 

gait in both the mediolateral (Rankin et al., 2014) and anterior-posterior (Hof, 2008) 

directions. Experimental studies have found that the timing and placement of the foot 

at heel strike contributes to walking stability (Nashner, 1980). Similarly, in simulation 

studies, controlling the angle of the leg at heel strike ensures stability in simple models 

of human locomotion (Srinivasan and Ruina, 2006). Both counteractive and non-

counteractive strategies have been reported to play a crucial role in foot placement. In 

the broad sense, foot-placement strategies contribute to walking stability by 1) 

positioning the foot (Dietz et al., 2004; Eng et al., 1994) and  2) correcting for the errors 

in foot-placement in the following steps (Hof, 2008; Wang and Srinivasan, 2014; 

Vlutters et al., 2018) through controlling the center of mass (COM) movement, as well 

as the walking speed and cadence. 

Different muscle modulations regulate foot placement. For instance, gait research has 

suggested that modulation of the hamstring muscle group during swing contributes to 

foot positioning (Dietz et al., 1986; Eng et al., 1994) and modulation of leg 

plantarflexors during late stance contributes to leg progression (Neptune et al., 2001), 

which can be used to compensate for the errors in foot placement in the previous step. 

Recent studies in our lab (Logan et al., 2017; Rafiee and Kiemel, 2020) have suggested 

an addition to this list: modulation of anterior leg-muscle activities during early stance 
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as a mechanism to regulate the speed of the pelvis relative to the foot and thus 

compensate for errors in foot placement. However, as discussed earlier, our 

interpretation of the responses involving more than a single joint remain as hypotheses. 

Lack of sufficient understanding of muscle-level control prevents us from developing 

a model that can simulate human-like response in a predictive fashion. To paraphrase 

Feynman:  

“What we cannot create, we do not understand.” 

The overarching goal of the proposed studies is therefore to examine the role of 

previously hypothesized muscle modulations in foot-placement, hypothesize potential 

components of the neuromuscular controller for producing these responses and develop 

a predictive model of human locomotion control that can produce these responses. 

2.5 Methods 

Various methods have been used to identify the role of muscle excitations in gait 

control. As mentioned in the introduction chapter, having knowledge about the 

underlying mechanism of the musculoskeletal and nervous system can provide intuition 

on the role of the muscle modulations in control of walking. Similarly, having 

knowledge of the biomechanics of the human gait can help identify some of the muscle 

excitation roles. For example, using a biomechanical model of gait, Neptune et al. 

(2001)  showed that the late stance excitation of gastrocnemius muscles, and not the 

soleus, contribute to swing initiation.  
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Aside from modeling approaches, experimental studies have helped shape our current 

understanding of different strategies of walking control. Part of our knowledge comes 

from looking at gait variability by studying the correlation between muscle excitations 

and the outcome strategies (Bauby and Kuo, 2000; Dingwell and Marin, 2006). For 

instance, the role of late-stance rectus femoris (RF) modulation in cadence control has 

been studied in this paradigm (Den Otter et al., 2004). Studying variability is essentially 

studying the system behavior in response to the intrinsic perturbations (that exist due 

to sensory and motor noise). However, the downside of using variability is that it cannot 

be used to identify the role of sensory information in the adopted control strategies. 

This is because the intrinsic perturbations in the system cannot be measured; therefore, 

it is difficult to identify which component of the closed-loop system has caused the 

observed deviations in the kinematics and muscular excitations. The alternative is 

studying the response of the system under external perturbations. For instance, using 

external perturbations, researchers have identified the role of modulation of the 

hamstring muscle group during swing in foot placement strategies (Eng et al., 1994) 

and the role of modulation of leg plantarflexors during mid-stance in balance control 

(Nashner, 1980; Sinkjær et al., 1996).  

 

 

2.6 Significance of our method 

One of the significant aspects of the proposed study is that our lab has developed a 

technique that characterizes the human walking response to small external 

perturbations (Kiemel et al., 2016). This approach feature is important because small 
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perturbations reflect the natural fluctuations which always occur during locomotion. In 

addition, compared to the large perturbations commonly used in the literature, small 

perturbations might evoke different responses in human movement, for example, the 

sway vs stepping responses to posture perturbations (Maki and McIlroy, 1997). Our 

method calculates the phase-dependent impulse response functions (IRFs) that 

describe system responses to small, brief perturbations applied at any phase of the gait 

cycle. This feature is invaluable to us as calculating these IRFs for large perturbations 

can be very difficult. Large perturbations are often discrete, and the system requires 

relatively long time for recovery. Therefore, to fully characterize the human walking 

response to large discrete perturbations, researchers should perturb the system at rage 

of phase of the gait cycle, using several different amplitudes. Our method does not 

suffer from these problems. 

 

In the following chapters, we will discuss how we will use this method to understand 

the role of the several muscle modulations in gait control and their potential neural 

mechanisms and specifically the role of early stance modulation of the ankle 

dorsiflexor TA muscle in speed control



  

 

 

 

 

20 

 

Chapter 3 : Role of Tibialis Anterior in Human Gait 

 

In this Chapter, we investigated the role of early-stance tibialis anterior (TA) muscle 

modulation in the control and stability of human walking. We proposed an experiment 

that limits the TA contribution to gait by restricting the ankle dorsiflexion through 

taping. The results support the idea that early stance modulation of tibialis anterior 

muscle regulates speed control. They also indicate adaptation of the neural feedback to 

the restriction.      

3.1 Introduction: 

Our previous study suggested a role of TA in maintaining treadmill walking speed 

during the stance phase (Rafiee and Kiemel, 2020). This finding is novel since gait 

literature typically focuses on the role of TA during  swing phase, where its modulation 

prevents toe-dragging (Boakes and Rab, 2006). TA excitation during early stance has 

been suggested to prevent foot-slapping (Boakes and Rab, 2006), and induced-

acceleration analysis suggest TA acts to decrease forward COM velocity during early 

stance (Liu et al., 2006). However, recent studies from our lab combining small 

continuous visual and mechanical perturbations with system ID (Logan et al., 2017; 

Rafiee and Kiemel, 2020) have suggested that TA modulation soon after heel strike 

acts to control COM velocity. We found that in response to mechanical perturbations 

(forward push of the ankle) and visual perturbations (forward displacement of the 

visual scene), the TA excitation in early stance increased, presumably to increase 
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walking speed and compensate for errors in foot placement by helping propel the COM 

forward relative to the foot (Rafiee and Kiemel, 2020). This early-stance modulation 

was found to be a general control strategy, observed in response to both visual and 

mechanical perturbations. However, few studies have recognized such a role for TA. 

These exceptions could be found in older literature; for instance, Perry and Davids 

(1992) proposed that excitation of the dorsiflexor muscles during early stance controls 

the rate of plantarflexion and through that contributes to limb progression and 

consequently forward body propulsion. However, the role of early stance TA 

modulating in speed control needs more evidence.  

To further examine the potential role of TA in controlling forward body propulsion, we 

restricted the TA contribution to gait using an ankle taping method. The idea is that if 

the primary dorsiflexor (TA) is indeed playing an important role in propulsion, then by 

increasing resistance to dorsiflexion, two scenarios are possible. Either the system will 

have a decreed ability to compensate for errors in foot placement or the nervous system 

would have to adopt alternative strategies to control propulsion and help the subjects 

maintain their balance on the treadmill.  

Studies on pathological gaits have revealed that the greatest negative effect of limited 

dorsiflexion/ excessive plantarflexion during stance has been on body progression 

(Perry and Davids, 1992). People suffering from these types of pathological gaits, such 

as children with cerebral palsy (Norlin and Odenrick, 1986) or stroke survivors (Olney 

and Richards, 1996), generally walk at slower speeds. Limited ankle dorsiflexion forces 

compensatory gait modifications. If pronation is available to them, it can substitute for 
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dorsiflexion to an extent (Karas and Hoy, 2002). However, in absence of pronation, 

more metabolically costly compensation strategies have to be implemented, such as 

walking with shorter step lengths or early heel rise during stance (Karas and Hoy, 

2002). In addition, rehabilitation studies conclusively have shown that in the clinical 

populations, wearing ankle foot orthosis (AFOs) increases walking speed as they help 

restore partial dorsiflexion (Lehmann et al., 1987).  

Similarly, experiments on limiting dorsiflexion have shown that the greatest negative 

effect is on speed (Delafontaine et al., 2017; Ota et al., 2014; Vistamehr et al., 2014). 

In most of these experiments AFOs were used. There are few studies that have tried to 

specifically restrict ankle dorsiflexion using mechanical devices (Ota et al., 2014). In 

healthy populations, wearing AFOs have decreased the ability to change forward 

propulsive momentum quickly and consequently have affected the ability to change 

walking speed (Vistamehr et al., 2014). However, caution must be exercised in 

interpreting these results AFOs can also restrict the plantarflexors’ contribution to gait 

whose modulation at late-stance has a significant role in propulsion. More specifically, 

it has been reported that using mechanical dorsiflexion restrictors forces the individuals 

to take shorter steps and reduce their single support duration (Ota et al., 2014). In 

summary, dorsiflexion limitations affect the average walking speed as well as the 

ability to quickly make changes in it, which point to a role for the primary dorsiflexor 

muscles in speed control.  

In the closed-loop structure of movement production, changes in the movement cause 

changes in the muscle excitations and vice versa. For instance, Romkes and Brunner 
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(2007) demonstrated that healthy subjects with taped joints that mimicked the cerebral 

palsy (CP) population toe-walk with similar abnormal muscle excitation patterns, such 

as a decreased TA excitation during early stance. In another study, Romkes and 

Brunner (2006) found that in children with CP, wearing AFOs decreases the TA 

excitation by one third at heel strike. Similarly, in healthy individuals wearing AFOs 

decreases TA excitation during early stance (Geboers et al., 2002) and during gait 

initiation (Delafontaine et al., 2017). Dorsiflexion restriction can affect walking either 

by changing the plant or neural feedback or some combination of both. However, to 

our knowledge the properties of the neural feedback (i.e., the mapping from the 

kinematics to the muscle excitations) or the properties of the plant (i.e., the mapping 

from the muscle excitations to the produced kinematics) have never been investigated. 

Here, we have the tools to study these mappings.  

In this study, we seek to extend our previous work where we used a combination of 

perturbation and system ID methods to identify the role of muscle modulations in gait. 

Here, we will identify the role of early stance TA modulation in speed control by adding 

a restriction that limits the contribution of the primary dorsiflexor muscle to gait and 

study the “restricted” gait response to external lower-body mechanical perturbations.  

The restriction will directly affect the plant through changing the body mechanics (for 

instance by increasing the joint stiffness). Similarly, based on previous studies, both 

the average waveform of kinematics and muscle excitations are expected to change. 

Particularly, we expect to see a decrease in the dorsiflexion angle, and a decrease in 

average TA excitation at heel strike. Importantly, here, we hypothesize that the 
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restriction will affect the neural feedback. We expect to see changes in the mapping 

from movement to the neural command due to the neural feedback adapting to this new 

plant. Previously, we saw adaptation of the neural feedback to the mechanical 

perturbation apparatus, where phase-specific muscular excitation changed to guarantee 

conventional kinematic patterns (Rafiee and Kiemel, 2020). Here, we expect the 

nervous system to adopt alternative strategies to control speed on the treadmill. Some 

potential strategies could be an increase in modulation of the quadriceps muscle group 

during early stance in response to the external perturbations. Absence of alternative 

responses would suggest TA modulation is not important for controlling speed. 

3.2 Methods: 

We have collected data from 10 healthy young adults (4 men and 6 women aged 18 to 

35 years) in accordance with the University of Maryland IRB. Prior to the test, a single 

standing trial was collected as a reference for a neutral position. The participants 

walked on a treadmill (Cybex Trotter 900T, Cybex International, Inc., USA) in two 

conditions: 1) normal and 2) restricted, where their ankle dorsiflexion was restricted 

using a standard Achilles tendon taping method ((Perrin and McLeod, 2018), Error! 

Reference source not found.). 
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For the taping procedure, the subjects 

were asked to put their ankles in 

maximum dorsiflexion position. 

Anchor strips (2.5 cm 3M Micropore 

tape) were applied proximally and 

distally. Elastic athletic tapes (7.6 cm, 

Elastikon, Johnson & Johnson) were 

stretched fully, then relaxed slightly 

and placed across the posterior ankle to limit dorsiflexion (Figure 3-1) Application of 

dorsiflexion restriction).   

3.2.1 Experimental Design:  

Twelve trials of walking, each 250 s long, were collected per subject. In the first 3 trials 

and last 3 trials, participants walked normally; in the middle 6 trials, participants 

walked with restricted ankle dorsiflexion. This design allows us to better understand 

the source of differences in the average muscle excitation between these two walking 

conditions. Fatigue could affect the muscle excitation and result in a decrease in the 

overall excitation over time, therefore we designed the experiment so that both 

conditions occurred the same number of times at the beginning and end of each session. 

In addition, individuals could implement different walking strategies, and therefore, we 

decided against randomizing the order of conditions between subjects. Throughout the 

middle 220 s portion of all trials, the subjects’ walking were perturbed by small 

Figure 3-1) Application of dorsiflexion restriction  
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continuously-changing forces applied to their legs through a spring-motor (LX80L; 

ParkerHannifin Corporation) mechanism (Rafiee and Kiemel, 2020). 

The mechanical perturbation signal (position of the motor) was specified with a white 

noise signal with power spectral density of 3.1 cm2 Hz⁄  filtered by an 8th-order 

Butterworth low-pass filter with a cutoff frequency of 2.6 Hz. Since we are interested 

in the local stability of human walking using small perturbations, there is the threat that 

the system’s responses to perturbations might be buried under the intrinsic variability 

of human gait. Applying several long random signals allow separating the effect of 

perturbation and the intrinsic variability of human gait (Rafiee and Kiemel, 2020). 

Data Collection: Lower-body and trunk kinematic data was collected using a 2D 

marker set in a ten-camera VICON-MX motion analysis system (VICON, Inc, Oxford, 

UK). Reflective markers (diameter, 1.4 cm) were placed on the right and left sides of 

the body at external landmarks: base of the 5th metatarsal, posterior calcaneus (heel), 

lateral malleolus (ankle), lateral femoral condyle (knee), greater trochanter (hip), 

posterior superior iliac spine (PSIS), iliac crest, and superior acromion process 

(shoulder). Additionally, markers were placed at the midline of the spine at the level of 

C7, T10 and L1 vertebrae. All markers were attached at the skin of these bony 

prominences except those that were placed on the shoe (at the 5th metatarsal and heel).  

Electromyographic (EMG) data was recorded from the legs and the trunk using the 

wireless TRIGNO system (DELSYS, USA), which has a built-in bandwidth of 20–450 

Hz. The EMG were collected from: right and left tibialis anterior (TA), right 
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gastrocnemius lateralis (LG), right and left gastrocnemius medialis (MG), right soleus 

(SOL), right vastus medialis (Vmed), right vastus lateralis (Vlat), right and left rectus 

femoris (RF), right biceps femoris long head (BFLH), right semitendinosus (SemiT), 

right gluteus maximus (Gmax), right gluteus medius (Gmed), and right lumbar erector 

spinae (LES, recorded at L1-L2). 

Data Analysis: The kinematic and EMG data were analyzed in MATLAB (MathWorks, 

USA). The kinematic data were analyzed in the sagittal plane to calculate the joint and 

segment angles as well as segment displacement in the anterior-posterior (AP) 

direction. The segment angles were computed relative to vertical, with positive 

indicating that the upper end of the segment moved forward relative to the lower end. 

The joint angles were calculated by subtracting the upper segment angle from the lower 

segment, so that ankle plantarflexion, knee flexion and hip extension are all in the 

positive direction. The hip joint angle was approximated using markers on lateral 

femoral condyle, greater trochanter and iliac crest. Since the process of tapping the 

ankle and then removing it affected the position of the ankle marker, we approximated 

the ankle joint angle using markers on the base of the 5th metatarsal, posterior 

calcaneus and lateral femoral condyle. For all joint angles, the reference configuration 

obtained from the average of the joint angle during the standing trial were subtracted 

from the data. We also used the sagittal plane kinematic data to calculate the step length 

and durations (see Rafiee and Kiemel, 2020). The heel-strike times were approximated 

as the times of local minima of the heel marker in the vertical axis, and toe-off times 
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were approximated as the times of the local maxima of sagittal-plane hip marker 

relative to the toe marker angle.  

Using MATLAB, the EMG data were synchronized with kinematics by correcting for 

48 ms delay in the TRIGNO system (DELSYS, USA). The EMG signals were then 

high-pass filtered with a zero-lag forward-backward cascade of a 4th-order Butterworth 

filter with a cutoff frequency 20 Hz and full-wave and rectified. Lastly, for each subject 

and each muscle the EMG signals were normalized to the root mean square (RMS) of 

the normal walking data for that muscle.  

We used harmonic transfer functions (HTF) to characterize the response of human 

walking to the applied perturbations. An HTF describes the input-output mapping for 

a linear time periodic (LTP) system (Wereley, 1990), which human walking can be 

approximated as. The kinematic and muscular (muscle excitation as measured by 

EMG) responses to the perturbations were analyzed in the frequency domain, using 

HTFs (Kiemel et al., 2016) and then converted to the time (phase) domain to compute 

phase-dependent impulse response functions (IRFs) that describe the response of the 

system to small brief perturbations (impulses) applied at any phase of the gait cycle. 

See Kiemel et al. (2016) and Rafiee and Kiemel (2020) for details. 

Finally, the kinematic and EMG mean waveforms were compared between the normal 

and restricted walking conditions as well as across the trials to explore adaptation.  
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3.2.2 Statistical Analysis: 

For each kinematic or EMG variable, paired t-tests were performed to determine if the 

difference between the mean waveforms of normal and restricted conditions was 

significantly different than zero. For each response variable, statistical tests were 

performed on the IRF for all perturbation phases and for response times up to 3 cycles 

following the perturbation. t-tests were also used to determine whether IRF values 

were significantly different than zero.  

3.3 Results 

We compared the average waveforms of kinematic and muscle excitations between the 

two different gait conditions. In addition, we compared how humans responded to the 

mechanical perturbations by characterizing the kinematic and muscular responses and 

study the differences in IRFs of the normal and restricted gaits.  

3.3.1 Average Waveforms: 

Kinematics: The taping method indeed resulted in the desired effect. We saw 

significant decreases in the ankle dorsiflexion angle in the restricted condition, 

particularly during late stance and swing (indicated by the asterisks in Error! 

Reference source not found..A). In addition, during early stance, the taping method 

significantly decreased the plantarflexion angle (Error! Reference source not 

found..A). We also saw that the dorsiflexion restriction caused changes in the other 

joint kinematics. Similar to other studies (e.g., Ota et al., 2014), we observed that the 

restriction resulted in a significant increase in the knee extension during single-support 
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and swing (Error! Reference source not found..B). On the other hand, no significant 

difference was found for the hip flexion angle (Error! Reference source not found..C) 

or the trunk angle (Error! Reference source not found..D). 

 

Spaciotemporal parameters: the average step and stride durations were found to be 

significantly shorter in the restricted gait (𝑇̅step =  0.5243 s,  𝑇̅ =  1.0486 s) compared 

Figure 3-2) Average waveforms of kinematics: the ankle joint (A), knee joint (B), Hip joint (C) and 

trunk segment (D) angles in the normal (blue) and restricted (red) conditions. The shaded areas indicate 

95% confidence intervals. Asterisks indicate significant differences (p<0.05). The bars on the horizontal 

axes indicate gait phase: (white = swing, gray = single support, and back = double support). The ankle 

plantarflexion, knee flexion and hip extension are in the positive direction. 
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to the normal gait (𝑇̅step =  0.5289 s,  𝑇̅ =  1.0578 ). However, our preliminary results 

did not show a significant difference in the single support, double support or their 

respected ratios to the step duration between conditions. We also saw that the average 

step length was significantly shorter in the restricted condition (71.4 cm), compared to 

the normal gait (72.6 cm).  

Muscle Excitations: We observed significant differences between conditions at the 

peak muscle excitation for 3 muscles. TA muscle and VAS muscles demonstrated a 

significant decrease in their peak excitation at early stance in the restricted walking 

condition (Error! Reference source not found..A - C).  

 

Figure 3-3) Average waveforms of 

Muscle excitations: for TA (A), Vlat (B) 

and Vmed (C) muscles in the normal 

(blue) and restricted (red) conditions. 

The shaded areas indicate 95% 

confidence intervals. Asterisks indicate 

significant differences (p < 0.05).  
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3.3.2 Kinematic Responses:  

In response to the forward mechanical perturbation, we observed that the legs were 

displaced forward in both conditions (Figure 3-4) The IRF heat map describing the 

response of the ipsilateral ankle AP position to the mechanical perturbation in the (A) 

normal condition, (B) restricted condition and (C) the difference between the two 

conditions. The IRF heat maps have two independent variables: perturbation phase 

on the horizontal axis and normalized response time on the vertical axis. Normalized 

response time indicates the phase of the gait cycle at which a given response occurs. 

The single dependent variable of the IRF is the response to the perturbation, and it is 

indicated using a color map. Yellows and reds indicate a response in the same direction 

as the perturbation; blues indicate a response in the opposite direction, and white 

indicates no response. The diagonal line in the heat map corresponds to a response 

measured at the same time the perturbation is applied. The black arrows in the heat 

maps indicate the response time in the experiment when the peak significant t-value 

occurs.). Generally, we did not find many significant conditional differences in the 

early kinematic responses. This was somewhat expected as the transient kinematic 

responses to the mechanical perturbation are passive responses. The one kinematic 

response that was significantly different between the two walking conditions was the 

ankle angle response. In response to the forward push of the ankles, we observed an 

increase in the ankle dorsiflexion angle at heel strike in both gaits (Figure 3-5) The 

IRF heat map describing the response of the ipsilateral ankle angle to the mechanical 

perturbation in the (A) normal condition, (B) restricted condition and (C) the difference 
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between the two conditions. D) takes a slice of the first two heat maps and shows the 

IRF for perturbations applied at phase -0.3 in normal (blue) and restricted (red) 

conditions. The arrows in the heat maps and asterisks in the slice IRF indicate the time 

where significant differences between conditions took place (p < 0.05). The yellow 

arrows indicate the perturbation phase (-0.3). The black arrows in the heat maps 

indicate the response time in the experiment when the peak significant t-value occurs.). 

However, in the restricted condition, the perturbation resulted in a smaller dorsiflexion 

response compared to the normal condition (indicated by the asterisks in Figure 3-5) 

The IRF heat map describing the response of the ipsilateral ankle angle to the 

mechanical perturbation in the (A) normal condition, (B) restricted condition and (C) 

the difference between the two conditions. D) takes a slice of the first two heat maps 

and shows the IRF for perturbations applied at phase -0.3 in normal (blue) and restricted 

(red) conditions. The arrows in the heat maps and asterisks in the slice IRF indicate the 

time where significant differences between conditions took place (p < 0.05). The 

yellow arrows indicate the perturbation phase (-0.3). The black arrows in the heat maps 

indicate the response time in the experiment when the peak significant t-value 

occurs.D). This result could indicate that in the restricted condition the person was not 

able to use the ankle dorsiflexion mechanism during early stance phase to compensate 

for the errors in foot placement, by propelling the body forward. 
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Figure 3-4) The IRF heat map describing the response of the ipsilateral ankle AP position to 

the mechanical perturbation in the (A) normal condition, (B) restricted condition and (C) the 

difference between the two conditions. The IRF heat maps have two independent variables: 

perturbation phase on the horizontal axis and normalized response time on the vertical axis. 

Normalized response time indicates the phase of the gait cycle at which a given response 

occurs. The single dependent variable of the IRF is the response to the perturbation, and it is 

indicated using a color map. Yellows and reds indicate a response in the same direction as the 

perturbation; blues indicate a response in the opposite direction, and white indicates no 

response. The diagonal line in the heat map corresponds to a response measured at the same 

time the perturbation is applied. The black arrows in the heat maps indicate the response time 

in the experiment when the peak significant t-value occurs. 
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Figure 3-5) The IRF heat map describing the response of the ipsilateral ankle angle to the mechanical 

perturbation in the (A) normal condition, (B) restricted condition and (C) the difference between the 

two conditions. D) takes a slice of the first two heat maps and shows the IRF for perturbations applied 

at phase -0.3 in normal (blue) and restricted (red) conditions. The arrows in the heat maps and asterisks 

in the slice IRF indicate the time where significant differences between conditions took place (p < 0.05). 

The yellow arrows indicate the perturbation phase (-0.3). The black arrows in the heat maps indicate 

the response time in the experiment when the peak significant t-value occurs. 



  

 

 

 

 

36 

 

3.3.3 Muscular Responses:  

In this study we were mostly interested in the neural control of the restricted gait 

compared to normal gait and the changes in the muscle excitations in response to the 

perturbations. We found an indication of one muscular strategy that differed between 

the two conditions; that is the early-stance responses of the anterior muscles. Like the 

normal walking condition, in the restricted walking we observed increases in the 

excitation of the anterior muscles TA and Vlat at early stance. Even though the 

strategies differed from person to person, our results show that, on average, the TA 

muscle showed a significantly smaller increase in its early stance excitation in the 

restricted condition (indicated by the asterisks in Figure 3-6) TA Early stance Strategy: 

The IRF heat map describing the response of the TA muscle to the mechanical 

perturbation in the (A) normal condition, (B) restricted condition and (C) the difference 

between the two conditions. D) takes a slice of the first two heat maps and shows the 

IRF for perturbations applied at phase -0.2 in normal (blue) and restricted (red) 

conditions. The arrows in the heat maps and asterisks in the slice IRF indicate the time 

where significant differences between conditions took place (p < 0.05). The yellow 

arrows indicate the perturbation phase (-0.2). The black arrows in the heat maps 

indicate the response time in the experiment when the peak significant t-value 

occurs.D). On the other hand, Vlat showed a significantly greater increase in its early 

stance excitation in the restricted condition comparing to the normal gait (indicated by 

the asterisks in Figure 3-7) VAS Early stance Strategy: The IRF heat map describing 

the response of the VAS muscle to the mechanical perturbation in the (A) normal 
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condition, (B) restricted condition and (C) the difference between the two conditions. 

D) takes a slice of the first two heat maps and shows the IRF for perturbations applied 

at phase -0.3 in normal (blue) and restricted (red) conditions. The arrows in the heat 

maps and asterisks in the slice IRF indicate the time where significant differences 

between conditions took place (p < 0.05). The yellow arrows indicate the perturbation 

phase (-0.3). The black arrows in the heat maps indicate the response time in the 

experiment when the peak significant t-value occurs.D). It is hypothesized that the 

modulation of anterior muscles including VAS and TA during early stance is a 

mechanism used to accelerate the pelvis relative to the foot to compensate for errors in 

foot placement. Since the TA contribution to this early stance strategy is compromised, 

modulation of the Vlat compensates for the foot placement errors.  
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Figure 3-6) TA Early stance Strategy: The IRF heat map describing the response of the TA 

muscle to the mechanical perturbation in the (A) normal condition, (B) restricted condition and 

(C) the difference between the two conditions. D) takes a slice of the first two heat maps and 

shows the IRF for perturbations applied at phase -0.2 in normal (blue) and restricted (red) 

conditions. The arrows in the heat maps and asterisks in the slice IRF indicate the time where 

significant differences between conditions took place (p < 0.05). The yellow arrows indicate the 

perturbation phase (-0.2). The black arrows in the heat maps indicate the response time in the 

experiment when the peak significant t-value occurs. 
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3.4 Discussion 

In this study we wanted to investigate the role of early stance TA modulation in 

correcting for errors in foot placement by regulating forward body propulsion. To this 

end, we used an Achilles tendon taping method to restrict ankle dorsiflexion and 

therefore limit the contribution of the primary dorsiflexor muscle (TA) to gait. As 

Figure 3-7) VAS Early stance Strategy: The IRF heat map describing the response of the VAS 

muscle to the mechanical perturbation in the (A) normal condition, (B) restricted condition and 

(C) the difference between the two conditions. D) takes a slice of the first two heat maps and 

shows the IRF for perturbations applied at phase -0.3 in normal (blue) and restricted (red) 

conditions. The arrows in the heat maps and asterisks in the slice IRF indicate the time where 

significant differences between conditions took place (p < 0.05). The yellow arrows indicate the 

perturbation phase (-0.3). The black arrows in the heat maps indicate the response time in the 

experiment when the peak significant t-value occurs. 
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planned, we found that when the ankle was taped, the increased resistance to 

dorsiflexion reduced the ankle range of motion (Error! Reference source not found..A). 

Our hypothesis was that when TA’s ability to contribute to forward body propulsion is 

diminished, due to limited dorsiflexion, the nervous system would compensate by using 

other speed control strategies. The observed increase in the VAS muscle excitation at 

early stance supports this hypothesis.  

3.4.1 Walking with Limited Dorsiflexion 

Generally, our kinematic results resembled those from the literature. Similar to 

previous findings (e.g. Ota et al., 2014), we observed that the dorsiflexion restriction 

resulted in greater knee extension angles during single support phases (Figure 3-2) 

Average waveforms of kinematics: the ankle joint (A), knee joint (B), Hip joint (C) 

and trunk segment (D) angles in the normal (blue) and restricted (red) conditions. The 

shaded areas indicate 95% confidence intervals. Asterisks indicate significant 

differences (p<0.05). The bars on the horizontal axes indicate gait phase: (white = 

swing, gray = single support, and back = double support). The ankle plantarflexion, 

knee flexion and hip extension are in the positive direction.B). The combination of 

these changes in ankle and knee angles produced a significantly shorter step lengths in 

the restricted condition, which is also consistent with the dorsiflexion restriction 

literature when walking on a treadmill (Cho et al., 2015). It has been established that 

reduced dorsiflexion takes the greatest toll on leg progression (Perry and Davids, 1992). 

Taking shorter steps and spending more time in double support is a characteristic of 

slow human walks in general (Karas and Hoy, 2002; Wu et al., 2019). In this study, 
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where the subjects walked on a treadmill with a roughly constant speed, we expected 

the step frequency to be greater in the restricted condition, given that the step length 

was shorter. Our expectations were met for both the step and stride frequencies. 

However, this was not the case for the ratios of the SS to DS durations. Even though 

the single support duration tended to be shorter in the restricted condition, this value 

was not found to be significantly different between the two walking conditions. 

Taping the ankle affected the plant through changing the body mechanics (Figure 3-2) 

Average waveforms of kinematics: the ankle joint (A), knee joint (B), Hip joint (C) 

and trunk segment (D) angles in the normal (blue) and restricted (red) conditions. The 

shaded areas indicate 95% confidence intervals. Asterisks indicate significant 

differences (p<0.05). The bars on the horizontal axes indicate gait phase: (white = 

swing, gray = single support, and back = double support). The ankle plantarflexion, 

knee flexion and hip extension are in the positive direction.). More importantly, we saw 

that the restriction indirectly affected the neural feedback, as supported by the observed 

changes in average muscle excitation waveforms that ensure adaptability of gait to the 

new walking condition (Figure 3-3) Average waveforms of Muscle excitations: for TA 

(A), Vlat (B) and Vmed (C) muscles in the normal (blue) and restricted (red) 

conditions. The shaded areas indicate 95% confidence intervals. Asterisks indicate 

significant differences (p < 0.05). ). The TA excitation during early stance was 

significantly reduced in the taped gait condition, which is consistent with the literature 

on restricting dorsiflexion with AFOs (Geboers et al., 2002). By increasing the 

resistance to dorsiflexion, the subjects adopted a gait strategy that required less TA 
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excitation during early stance. This strategy resulted in a gait with shorter steps, which 

as discussed earlier is a characteristic of gaits with limited dorsiflexion (Perry and 

Davids, 1992). At the same time, we also observed a significant decrease in the early 

stance VAS excitation (Figure 3-3) Average waveforms of Muscle excitations: for TA 

(A), Vlat (B) and Vmed (C) muscles in the normal (blue) and restricted (red) 

conditions. The shaded areas indicate 95% confidence intervals. Asterisks indicate 

significant differences (p < 0.05). B&C). We argue that the VAS muscle group works 

with the other leg anterior muscles at early stance to propel the body forward. The 

reduction in the early stance excitation of the anterior muscles is consistent with the 

decrease in the step length. 

3.4.2 Response to Perturbations with Limited Dorsiflexion 

 

The other goal of this study was to further understand neural control strategies 

implemented by the nervous system to stabilize walking with limited dorsiflexion. We 

observed distinct differences in two muscular responses that were significantly 

different across normal and restricted gaits. Both muscular responses belonged to the 

non-counteractive early stance strategy that was hypothesized to compensate for errors 

in foot placement.  

The mechanical perturbation, applied during swing, displaces the swing leg forward 

(Figure 3-4) The IRF heat map describing the response of the ipsilateral ankle AP 

position to the mechanical perturbation in the (A) normal condition, (B) restricted 

condition and (C) the difference between the two conditions. The IRF heat maps have 
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two independent variables: perturbation phase on the horizontal axis and normalized 

response time on the vertical axis. Normalized response time indicates the phase of the 

gait cycle at which a given response occurs. The single dependent variable of the IRF 

is the response to the perturbation, and it is indicated using a color map. Yellows and 

reds indicate a response in the same direction as the perturbation; blues indicate a 

response in the opposite direction, and white indicates no response. The diagonal line 

in the heat map corresponds to a response measured at the same time the perturbation 

is applied. The black arrows in the heat maps indicate the response time in the 

experiment when the peak significant t-value occurs.). The nervous system tries to 

compensate for this effect. We have argued previously that in normal gait, early stance 

modulation of anterior muscles, including TA and VAS, compensate for the leg being 

too far in front of the body by propelling the hip forward (Rafiee and Kiemel, 2020). 

The dorsiflexion restriction compromises the TA’s ability to perform work. In the 

restricted gait, we observed a smaller increase in the TA modulation at early stance 

compared to the normal gait (Figure 3-6) TA Early stance Strategy: The IRF heat 

map describing the response of the TA muscle to the mechanical perturbation in the 

(A) normal condition, (B) restricted condition and (C) the difference between the two 

conditions. D) takes a slice of the first two heat maps and shows the IRF for 

perturbations applied at phase -0.2 in normal (blue) and restricted (red) conditions. The 

arrows in the heat maps and asterisks in the slice IRF indicate the time where significant 

differences between conditions took place (p < 0.05). The yellow arrows indicate the 

perturbation phase (-0.2). The black arrows in the heat maps indicate the response time 
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in the experiment when the peak significant t-value occurs.). This change in the 

dorsiflexor muscle excitation could also explain the smaller dorsiflexion response at 

early stance (Figure 3-5) The IRF heat map describing the response of the ipsilateral 

ankle angle to the mechanical perturbation in the (A) normal condition, (B) restricted 

condition and (C) the difference between the two conditions. D) takes a slice of the 

first two heat maps and shows the IRF for perturbations applied at phase -0.3 in normal 

(blue) and restricted (red) conditions. The arrows in the heat maps and asterisks in the 

slice IRF indicate the time where significant differences between conditions took place 

(p < 0.05). The yellow arrows indicate the perturbation phase (-0.3). The black arrows 

in the heat maps indicate the response time in the experiment when the peak significant 

t-value occurs.). With the diminished contribution of TA to speed control, the nervous 

system increases the excitation of another anterior muscle group, namely VAS 

modulation at early stance (Figure 3-7) VAS Early stance Strategy: The IRF heat 

map describing the response of the VAS muscle to the mechanical perturbation in the 

(A) normal condition, (B) restricted condition and (C) the difference between the two 

conditions. D) takes a slice of the first two heat maps and shows the IRF for 

perturbations applied at phase -0.3 in normal (blue) and restricted (red) conditions. The 

arrows in the heat maps and asterisks in the slice IRF indicate the time where significant 

differences between conditions took place (p < 0.05). The yellow arrows indicate the 

perturbation phase (-0.3). The black arrows in the heat maps indicate the response time 

in the experiment when the peak significant t-value occurs.). This strategy would 

accelerate the COM forward and compensates for the errors in foot placement. 



  

 

 

 

 

45 

 

In conclusion, our results support our hypothesis that the TA modulation at early stance 

plays an important role in forward body propulsion and speed control. Since we found 

that when TA’s ability to perform work was diminished, to compensate for the errors 

in foot placement, the nervous system had to use other speed control strategies, namely 

early stance modulation of VAS.  
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Chapter 4 : Counteractive Strategies in a Non-counteractive 

Model 

In this chapter we used computer simulation of human walking to test the previous 

counteractive/non-counteractive classification of the muscular responses. We 

examined the response of a well-known counteractive model of human walking (Geyer 

and Herr, 2010) to external mechanical perturbations and compared the results to 

human responses (Rafiee and Kiemel, 2020). The results suggest that our previous 

classifications were correct in most cases. 

4.1 Introduction 

Neuromechanical simulation of human walking is a useful approach in investigating 

the role of sensory information in gait stabilizing strategies. Using experiments to infer 

how these stabilizing strategies are implemented at the neural level (i.e., neural control 

mechanisms) is difficult due to the complexity of the locomotor neural networks. In 

such cases, computer models of human gait and sensorimotor control can help test 

different neural controllers and give insight into the neural mechanisms that contribute 

to the control of human walking (e.g., Jo, 2007; Song and Geyer, 2017) 

A source of complexity in using computer models to investigate the neural control 

mechanisms of human gait is that different controllers can produce similar realistic 

limit cycles (Kuo, 2002).  Validity of a possible controller therefore cannot be gauged 

well by only examining the limit cycle. However, different controllers would be 

expected to show qualitatively different muscular responses to perturbations, with the 



  

 

 

 

 

47 

 

responses of some models being more similar to human responses than others. 

Therefore, examining model responses to external perturbations is necessary to assess 

the plausibility of neuromechanical control. 

Both Counteractive and non-counteractive models have been proposed in the gait 

modelling literature. Some models solely rely on counteractive mechanisms (e.g., 

Günther and Ruder, 2003; Geyer and Herr, 2010; Song and Geyer, 2015), while others 

use both counteractive and non-counteractive mechanisms (Aoi et al., 2010; Dzeladini 

et al., 2014; Jo and Massaquoi, 2007; Ogihara and Yamazaki, 2001; Taga, 1995). 

A small number of studies in the literature have evaluated neuromechanical models by 

comparing their responses to external perturbations with those of humans. These 

models were successful in producing some of the counteractive (Jo, 2007; Murai and 

Yamane, 2011; Song and Geyer, 2017) and non-counteractive (Jo, 2007; Taga, 1998) 

human responses to large perturbations. However, to our knowledge, the responses of 

models to small perturbation have not been investigated, even though experimental 

studies has shown that small and large perturbations might evoke different responses 

(e.g., Maki and McIlroy, 1997). In particular, the neural mechanisms responsible for 

producing non-counteractive responses to small perturbations largely remain debated. 

In a previous study (Rafiee and Kiemel 2020), we classified responses of human 

walking to small mechanical perturbations that result in forward displacement of the 

swing leg as counteractive and non-counteractive based on the latency of the responses 

and whether we could hypothesize a reflex mechanism to produce them or not. In 
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addition to the known foot-placement strategies that counteract kinematic 

displacement, we found phase-specific muscle modulations that compensated for the 

leg being pushed forward by helping 1) propel the pelvis forward and 2) control speed 

of the contralateral leg in the next cycle. Perturbations applied at different phases of 

gait cycle did not produce fixed response latencies for these compensatory behavior (as 

a simple reflex mechanism would predict), and the timing of the responses suggested 

involvement of phase-specific mechanisms (Rafiee and Kiemel, 2020). In addition, a 

subset of these compensatory responses was found to be a general control mechanism 

shared between the response to mechanical and visual perturbations. Therefore, we 

proposed that the observed compensatory responses should be categorized as non-

counteractive (Rafiee and Kiemel, 2020). 

The goal of our study is to validate the previous counteractive / non-counteractive 

classification of the muscular responses. If our classification was correct, we expect 

that a model with only counteractive mechanisms to reproduce human responses that 

we have classified as counteractive but not those we have classified as non-

counteractive. Here, to test this prediction, we perturbed an existing model of human 

locomotion that is dominantly controlled through counteractive mechanisms. We chose 

to study the Geyer and Herr (2010) model since it is a well stablished model of 

locomotion inspired by several physiological studies on the counteractive control 

strategies. However, this model does not rely on any non-counteractive mechanism 

proposed to be important for producing compensatory responses (Rafiee and Kiemel, 

2020). 
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4.2 Methods 

4.2.1 Overview: 

In a previous study with experiments on human subjects, we used springs to apply small 

mechanical perturbations to the ankle in the form of force impulses during walking, 

and inferred the neural control using impulse response functions (Rafiee and Kiemel, 

2020). Here we repeated this experiment virtually by applying the same perturbations 

to a computer model that includes only counteractive mechanisms (Geyer and Herr, 

2010) to determine whether our previous classifications of the responses to 

counteractive and non-counteractive were accurate.  

4.2.2 Computer Model  

In the current simulation study, we directly applied impulses of force to perturb the 

Geyer and Herr (2010) model. The Geyer and Herr (2010) model is popular a 2D 

sagittal-plane computer model of human walking with nine mechanical degrees of 

freedom, developed in MATLAB SimMechanics (Figure 4-1) Musculoskeletal model used 

to study human locomotion (Geyer & Herr, 2010). This model has 9 degrees of freedom: 3-DoF planar 

joint between the pelvis and the ground, and each leg has hip, knee and ankle flexion/extension. The 

model is actuated by 7 muscles per leg: gluteus maximus (GLU), hamstrings (HAMS), hip flexor (HFL), 

Vasti (VAS), gastrocnemius medialis (GAS), soleus (SOL), and tibialis anterior (TA).). The model 

consists of a HAT segment (a lumped head, arms, and torso) and two legs. Each leg 

consists of three pin joints (hip, knee, ankle) actuated by seven Hill-type muscles. The 

muscles receive excitation control signals and response by developing forces per their 

activation and contractile dynamics, producing moments at the joints that actuate the 
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model. The muscle excitations are controlled through gated fixed-latency reflex 

mechanisms, where the involved reflex 

mechanisms change based on whether 

the foot of a given leg is in contact with 

the ground (i.e., stance vs swing). The 

model has 4 groups of reflexes using 

feedback information about muscle 

force, muscle length, joint angle, and 

ground contact forces. In the current 

study, we adapted the (Geyer and Herr, 

2010) model in the MATLAB 

SimMechanics environment by applying 

simultaneous equal impulses of force to 

the ankles in the anterior direction to mimic the experimental setup.  

4.2.3 Simulations 

We simulated a total of 101 runs (1 unperturbed walking and 100 perturbed walking) 

using a Simulink ode15s solver, with maximum timestep size of 10−1 s and relative and 

absolute error tolerance of 10−9 and 10−10, respectively. Small error tolerances were 

necessary to ensure that the perturbation responses were not critically confounded 

numerical errors. All the simulations began from the same initial states, when the AP 

speed was 1.3 m/s, the hip, knee and ankle angles were 140°, 175°, 90° for the right leg 

and 175°, 175°, 85° for the left leg. In the perturbed walking simulations, before 

Figure 4-1) Musculoskeletal model used to study 

human locomotion (Geyer & Herr, 2010). This 

model has 9 degrees of freedom: 3-DoF planar joint 

between the pelvis and the ground, and each leg has 

hip, knee and ankle flexion/extension. The model is 

actuated by 7 muscles per leg: gluteus maximus 

(GLU), hamstrings (HAMS), hip flexor (HFL), 

Vasti (VAS), gastrocnemius medialis (GAS), 

soleus (SOL), and tibialis anterior (TA). 
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applying the mechanical perturbations, we let the model run for at least 15 s to get close 

to its limit cycle. In each perturbed walking simulations, an identical mechanical 

perturbation was applied at one of 100 different phases uniformly distributed 

throughout the gait cycle. The mechanical perturbation was an impulse of force 

approximated by a scaled Gaussian function of time: 𝐹(𝑡) =  
𝐴

𝜎√2𝜋
𝑒

−(𝑡−𝑡0)2

2𝜎2 , where 𝜎  = 

0.005 s is the standard deviation, 𝑡0 is the perturbation time, and A = 0.1 Ns is the 

integral of 𝐹(𝑡). With these parameters, the maximum of 𝐹(𝑡) was 
𝐴

𝜎√2𝜋
 = 7.98 N. Each 

leg was exposed to half of this impulse force to mimic the experimental string-pulley 

perturbation system. The simulation continued at least 5 cycles after the perturbation 

was applied 

4.2.4 Data Analysis & Response Comparison,  

We analyzed muscle excitations, spatiotemporal variables including step length and 

step duration and kinematic variables including hip, knee, and ankle flexion angles and 

the position of the foot relative to the pelvis in the AP direction. To compare the human 

and model muscular behavior, we used electromyography (EMG) signals from the 

experimental study as a proxy for muscle excitations. For both human data and the 

model, we normalized the muscle excitation value by dividing by the root mean square 

(RMS) of the mean waveform of unperturbed cycles for each muscle.  

To compare the average kinematic and muscle excitation waveforms between model 

and human, we first expressed all the variables as a function of normalized time, which 

is time divided by the unperturbed period 𝑇. A new time step was then defined as 𝑇/100. 
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We used linear interpolation to fit the kinematic variables and muscle excitations in all 

simulations (perturbed and unperturbed) to this 100-point phase cycle. The human data 

were also fitted to a 100-point phase cycle. To compare the average behavior of models 

with human, for each variable we calculated the root mean square of the variable’s Z-

score: 𝑅𝑀𝑆𝑍 =  √
1

𝑛
∑ (

𝑥exp(𝜗)−𝑥sim(𝜗)

𝑠𝑡𝑑exp(𝜗)
)

2
𝑛−1
𝜗=0 , where𝑥sim(𝜗) is the simulated value at 

phase (𝜗); 𝑥exp (𝜗) is the mean experimental value; 𝑠𝑡𝑑exp(𝜗) is the experimental 

between-subject standard deviation, and 𝑛=100 is the number of points in the phase 

cycle. 

Finally, to obtain the IRFs for all variables, for each perturbation phase, the 

unperturbed signals were subtracted from the perturbed ones, and the difference signals 

were then divided by the integral of the impulse force (A). In the experimental IRFs, 

the mechanical perturbation was the displacement of the motor rather than the applied 

forces. To approximate the responses to a force perturbation, we divided the 

experimental IRFs by the stiffness of the spring in the experiment (Rafiee and Kiemel, 

2020). In the result section we compare the “direct IRFs” from this simulation study 

to the “inferred IRFs” from experiment (Rafiee and Kiemel, 2020) in terms of the 

amplitude, direction and timing of the responses between model and human data. 

4.3 Results 

In the unperturbed condition, the model walked with the average speed of 1.37 m/s 

over ground, which was close to the experimental average speed of 1.39 m/s on 
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treadmill. The average muscular and kinematic waveforms were also relatively similar 

to those of human walking (Figure 4-2) Comparison between model (in black) and 

human mean waveforms (in blue) of A. the kinematics variables and B. muscle 

excitations during unperturbed cycles.  The experimental data includes 95% confidence 

intervals. For each joint angle the average value is subtracted from the signal. The Gray 

and white bars on the horizontal axes correspond to single support phase (white for 

swing and gray for stance) for the reference leg.  The black bars indicate double 

support.), with average kinematic and muscular 𝑅𝑀𝑆𝑍 = 3.15. However, some 

differences to the human walking patterns were found in the model’s trunk angle (trunk 

𝑅𝑀𝑆𝑍= 6.95), hamstring muscle excitation (HAM 𝑅𝑀𝑆𝑍 = 6.04 SD), and hip flexor 

muscle excitation (HFL 𝑅𝑀𝑆𝑍= 4.80 SD). In addition, the double support duration 

relative to the stride duration was smaller in the model (0.09) compared to humans 

(0.13).  
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4.3.1 Kinematic Responses: 

The initial kinematic responses across the model and human were relatively similar. As 

an example, Figure 4-3) Comparing the Ankle AP position response to the mechanical 

perturbations in the model and human. A. demonstrates the IRF responses in heat 

maps that have two independent variables: perturbation phase on the horizontal axis 

and normalized response time on the vertical axis. The color coding of the heat maps 

from cold to hot indicates the value of the IRFs (white for 0, yellow and red for 

positive, and blue for negative). The value m, specified above each heatmap, is the 

Figure 4-2) Comparison between model (in 

black) and human mean waveforms (in blue) of A. 

the kinematics variables and B. muscle excitations 

during unperturbed cycles.  The experimental data 

includes 95% confidence intervals. For each joint 

angle the average value is subtracted from the 

signal. The Gray and white bars on the horizontal 

axes correspond to single support phase (white for 

swing and gray for stance) for the reference leg.  

The black bars indicate double support. 
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maximum absolute response value which we used to define the color map (see color 

bar). The diagonal line in the heat map corresponds to a response measured at the same 

time the perturbation is applied. By definition, the IRF is 0 (white) below this line. 

The black arrow indicates the response time in the experiment when the peak 

significant t-values occurs. B. takes a vertical slice of the ankle AP response heat maps 

and depicts the IRF for the perturbations applied at 3 specific phases during swing. 

Blue shaded areas depict experimental IRFs with 95% confidence interval, and solid 

black lines shows model’s the direct IRFs. Yellow arrows indicate the time of 

perturbation. A illustrates the direct IRFs from the model and the inferred IRFs from 

human data in heatmaps for the ankle position relative to the pelvis in the anterior 

posterior (AP) direction. These heatmaps describe how a perturbation at any phase of 

the gait cycle, indicated on the horizontal axis, produces responses at times indicated 

on the vertical axis. In both cases, we observed initial positive responses to the forward 

force perturbations applied during swing (Figure 4-3) Comparing the Ankle AP 

position response to the mechanical perturbations in the model and human. A. 

demonstrates the IRF responses in heat maps that have two independent variables: 

perturbation phase on the horizontal axis and normalized response time on the vertical 

axis. The color coding of the heat maps from cold to hot indicates the value of the 

IRFs (white for 0, yellow and red for positive, and blue for negative). The value m, 

specified above each heatmap, is the maximum absolute response value which we used 

to define the color map (see color bar). The diagonal line in the heat map corresponds 

to a response measured at the same time the perturbation is applied. By definition, the 
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IRF is 0 (white) below this line. The black arrow indicates the response time in the 

experiment when the peak significant t-values occurs. B. takes a vertical slice of the 

ankle AP response heat maps and depicts the IRF for the perturbations applied at 3 

specific phases during swing. Blue shaded areas depict experimental IRFs with 95% 

confidence interval, and solid black lines shows model’s the direct IRFs. Yellow 

arrows indicate the time of perturbation. A). Notice that in both cases the positive 

results start immediately with zero latency and are approximately parallel to the black 

diagonal line of stimulus onset. In other words, in both cases, the positive force 

perturbations (forward push) applied during swing, resulted in instantaneous forward 

displacement of the ankle relative to the pelvis in the AP direction. These results show 

that the model was able to reproduce the expected initial passive kinematic responses.  

To better illustrate the zero-latency nature of these responses, Figure 4-3) Comparing 

the Ankle AP position response to the mechanical perturbations in the model and 

human. A. demonstrates the IRF responses in heat maps that have two independent 

variables: perturbation phase on the horizontal axis and normalized response time on 

the vertical axis. The color coding of the heat maps from cold to hot indicates the value 

of the IRFs (white for 0, yellow and red for positive, and blue for negative). The value 

m, specified above each heatmap, is the maximum absolute response value which we 

used to define the color map (see color bar). The diagonal line in the heat map 

corresponds to a response measured at the same time the perturbation is applied. By 

definition, the IRF is 0 (white) below this line. The black arrow indicates the response 

time in the experiment when the peak significant t-values occurs. B. takes a vertical 
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slice of the ankle AP response heat maps and depicts the IRF for the perturbations 

applied at 3 specific phases during swing. Blue shaded areas depict experimental IRFs 

with 95% confidence interval, and solid black lines shows model’s the direct IRFs. 

Yellow arrows indicate the time of perturbation. B takes vertical slices of the heat maps 

and depicts single impulse responses for perturbations applied at early-swing (phase = 

-0.3), mid-swing (phase = -0.2) and late-swing (phase = -0.1). It is evident form Figure 

4-3) Comparing the Ankle AP position response to the mechanical perturbations in the 

model and human. A. demonstrates the IRF responses in heat maps that have two 

independent variables: perturbation phase on the horizontal axis and normalized 

response time on the vertical axis. The color coding of the heat maps from cold to hot 

indicates the value of the IRFs (white for 0, yellow and red for positive, and blue for 

negative). The value m, specified above each heatmap, is the maximum absolute 

response value which we used to define the color map (see color bar). The diagonal 

line in the heat map corresponds to a response measured at the same time the 

perturbation is applied. By definition, the IRF is 0 (white) below this line. The black 

arrow indicates the response time in the experiment when the peak significant t-values 

occurs. B. takes a vertical slice of the ankle AP response heat maps and depicts the 

IRF for the perturbations applied at 3 specific phases during swing. Blue shaded areas 

depict experimental IRFs with 95% confidence interval, and solid black lines shows 

model’s the direct IRFs. Yellow arrows indicate the time of perturbation. B that the 

initial behavior, in terms of the timing, direction and the slope of the responses were 

similar between model and human at times before heel strike. In both cases, these initial 
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positive responses were then followed by successive negative and positive values, 

which are partially due to the effect of the perturbations shifting the time of heel strike 

(see the Spatiotemporal section below). 
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Figure 4-3) Comparing the Ankle AP position 

response to the mechanical perturbations in the 

model and human. A. demonstrates the IRF 

responses in heat maps that have two independent 

variables: perturbation phase on the horizontal axis 

and normalized response time on the vertical axis. 

The color coding of the heat maps from cold to hot 

indicates the value of the IRFs (white for 0, yellow 

and red for positive, and blue for negative). The 

value m, specified above each heatmap, is the 

maximum absolute response value which we used 

to define the color map (see color bar). The diagonal 

line in the heat map corresponds to a response 

measured at the same time the perturbation is 

applied. By definition, the IRF is 0 (white) below 

this line. The black arrow indicates the response 

time in the experiment when the peak significant t-

values occurs. B. takes a vertical slice of the ankle 

AP response heat maps and depicts the IRF for the 

perturbations applied at 3 specific phases during 

swing. Blue shaded areas depict experimental 

IRFs with 95% confidence interval, and solid 

black lines shows model’s the direct IRFs. Yellow 

arrows indicate the time of perturbation.  
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4.3.2 Spatiotemporal Responses 

Figure 4-4) Comparing step length and duration responses to the mechanical 

perturbations in the model and human. As you go from right to left, the time delay 

between perturbation and response is increasing. The gray bars on the horizontal axis 

indicate values corresponding to single stance for the reference leg; the white bars 

indicate values corresponding to swing, and the black bars correspond to double 

support. illustrates the value of the spatiotemporal variables IRFs from the model and 

human data at mid-step for perturbations applied at different phases during previous 

steps. The response of the model and human were relatively similar during the cycle 

where the perturbations were applied. In both model and human, the forward push of 

the ankles increased the step length (Figure 4-4) Comparing step length and duration 

responses to the mechanical perturbations in the model and human. As you go from 

right to left, the time delay between perturbation and response is increasing. The gray 

bars on the horizontal axis indicate values corresponding to single stance for the 

reference leg; the white bars indicate values corresponding to swing, and the black bars 

correspond to double support.A) and duration (Figure 4-4) Comparing step length and 

duration responses to the mechanical perturbations in the model and human. As you go 

from right to left, the time delay between perturbation and response is increasing. The 

gray bars on the horizontal axis indicate values corresponding to single stance for the 

reference leg; the white bars indicate values corresponding to swing, and the black bars 

correspond to double support.B). It is worth mentioning that for all variables the 
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magnitudes of the same step responses were greater in the model compared to human 

participants. 

However, the response of the model and human diverged in the following steps. In the 

experimental data, we observed that in response to the forward push of the ankles, the 

length of the first step after perturbation decreased (Figure 4-4) Comparing step length 

and duration responses to the mechanical perturbations in the model and human. As 

you go from right to left, the time delay between perturbation and response is 

increasing. The gray bars on the horizontal axis indicate values corresponding to single 

stance for the reference leg; the white bars indicate values corresponding to swing, and 

the black bars correspond to double support.A) whereas the duration of the first step 

after perturbation was not significantly affected (Figure 4-4) Comparing step length 

and duration responses to the mechanical perturbations in the model and human. As 

you go from right to left, the time delay between perturbation and response is 

increasing. The gray bars on the horizontal axis indicate values corresponding to single 

stance for the reference leg; the white bars indicate values corresponding to swing, and 

the black bars correspond to double support.B). These results could be interpreted as a 

mechanism implemented by the human participants to compensate for the previous 

increase in the step length. Such strategy was not implemented by the model. In the 

model, in response to the forward push of the ankle, the length of the next step after the 

perturbation increased (Figure 4-4) Comparing step length and duration responses to 

the mechanical perturbations in the model and human. As you go from right to left, the 

time delay between perturbation and response is increasing. The gray bars on the 



  

 

 

 

 

62 

 

horizontal axis indicate values corresponding to single stance for the reference leg; the 

white bars indicate values corresponding to swing, and the black bars correspond to 

double support.A) and so did the step duration (Figure 4-4) Comparing step length and 

duration responses to the mechanical perturbations in the model and human. As you go 

from right to left, the time delay between perturbation and response is increasing. The 

gray bars on the horizontal axis indicate values corresponding to single stance for the 

reference leg; the white bars indicate values corresponding to swing, and the black bars 

correspond to double support.B).  

Figure 4-4) Comparing step length and duration responses to the mechanical 

perturbations in the model and human. As you go from right to left, the time delay 

between perturbation and response is increasing. The gray bars on the horizontal axis 

indicate values corresponding to single stance for the reference leg; the white bars 

indicate values corresponding to swing, and the black bars correspond to double 

Figure 4-4) Comparing step length and duration responses to the mechanical perturbations in the model 

and human. As you go from right to left, the time delay between perturbation and response is increasing. 

The gray bars on the horizontal axis indicate values corresponding to single stance for the reference 

leg; the white bars indicate values corresponding to swing, and the black bars correspond to double 

support. 
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support.B also illustrates that in both model and human, the perturbations resulted in 

an increase in the same step duration that was not negated in the following cycles. The 

accumulated effect of these changes in the step duration was a phase delay imposed on 

both model and human participants. This phase delay was manifested as successive 

negative and positive values in the IRF graphs: as in the kinematic example above 

(Figure 4-3) Comparing the Ankle AP position response to the mechanical 

perturbations in the model and human. A. demonstrates the IRF responses in heat 

maps that have two independent variables: perturbation phase on the horizontal axis 

and normalized response time on the vertical axis. The color coding of the heat maps 

from cold to hot indicates the value of the IRFs (white for 0, yellow and red for 

positive, and blue for negative). The value m, specified above each heatmap, is the 

maximum absolute response value which we used to define the color map (see color 

bar). The diagonal line in the heat map corresponds to a response measured at the same 

time the perturbation is applied. By definition, the IRF is 0 (white) below this line. 

The black arrow indicates the response time in the experiment when the peak 

significant t-values occurs. B. takes a vertical slice of the ankle AP response heat maps 

and depicts the IRF for the perturbations applied at 3 specific phases during swing. 

Blue shaded areas depict experimental IRFs with 95% confidence interval, and solid 

black lines shows model’s the direct IRFs. Yellow arrows indicate the time of 

perturbation. ), and other kinematic and muscular responses.  

The greatest difference between the response of the model and human, however, was 

how long the effect of the perturbation was sustained. Humans largely returned to their 
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baseline step length and duration within 2 steps (Figure 4-4) Comparing step length 

and duration responses to the mechanical perturbations in the model and human. As 

you go from right to left, the time delay between perturbation and response is 

increasing. The gray bars on the horizontal axis indicate values corresponding to single 

stance for the reference leg; the white bars indicate values corresponding to swing, and 

the black bars correspond to double support.). On the other hand, the model was not 

able to return to its baseline step duration in the first 3 step (Figure 4-4) Comparing 

step length and duration responses to the mechanical perturbations in the model and 

human. As you go from right to left, the time delay between perturbation and response 

is increasing. The gray bars on the horizontal axis indicate values corresponding to 

single stance for the reference leg; the white bars indicate values corresponding to 

swing, and the black bars correspond to double support.); the step duration errors lasted 

roughly for 10 steps (not shown here). In the rest of this paper, we seek to understand 

why the model was not as successful as human participants in rapidly converging back 

to the baseline waveforms. 

4.3.3 Muscular Responses 

To understand the underlying neural control mechanisms of human walking and why 

the model was not able to correct for the perturbations rapidly, we compared muscular 

responses between model and human. Previously, we have hypothesized that the 

humans use three different strategies to rapidly correct for the errors in foot-placement 

(Rafiee and Kiemel, 2020). Here, we compare if these strategies could be implemented 

in this model.  
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4.3.3.1 Swing counteractive strategy: 

The first step to rapidly correct for the effect of perturbation, which is forward 

displacement of the foot (Figure 4-3) Comparing the Ankle AP position response to 

the mechanical perturbations in the model and human. A. demonstrates the IRF 

responses in heat maps that have two independent variables: perturbation phase on the 

horizontal axis and normalized response time on the vertical axis. The color coding of 

the heat maps from cold to hot indicates the value of the IRFs (white for 0, yellow 

and red for positive, and blue for negative). The value m, specified above each heatmap, 

is the maximum absolute response value which we used to define the color map (see 

color bar). The diagonal line in the heat map corresponds to a response measured at the 

same time the perturbation is applied. By definition, the IRF is 0 (white) below this 

line. The black arrow indicates the response time in the experiment when the peak 

significant t-values occurs. B. takes a vertical slice of the ankle AP response heat maps 

and depicts the IRF for the perturbations applied at 3 specific phases during swing. 

Blue shaded areas depict experimental IRFs with 95% confidence interval, and solid 

black lines shows model’s the direct IRFs. Yellow arrows indicate the time of 

perturbation. ), is to slow down the progression of the swing leg. Previously we have 

hypothesized that humans use a counteractive strategy that takes advantage of swing-

phase hamstring modulations to flex the knee and slow down the swing leg (Rafiee and 

Kiemel, 2020). We expected that the model would be able to reproduce this short-

latency “counteractive” response.  
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In both the model and human, the hamstring (Ham) muscle group showed initial 

positive responses to perturbations applied during swing after short delays from the 

onset of the perturbations (Figure 4-5) Comparing ipsilateral A. hamstring and B. knee angle 

responses to the mechanical perturbations applied during swing, in the model and human. The black 

arrows in the human response column indicate the response time in the experiment when the peak 

significant t-value occurs.A). The magnitude of these initial responses was greater in the 

human semitendinosus muscle (SemiT) compared to model’s Ham. The maximum 

initial impulse response magnitude for times before heel strike was found to be 0.03 

1/Ns in the model and 0.21 1/Ns in humans. However, the direction and, importantly, 

the timing of these initial response peaks were found to be very similar (Figure 4-5) 

Comparing ipsilateral A. hamstring and B. knee angle responses to the mechanical perturbations applied 

during swing, in the model and human. The black arrows in the human response column indicate the 

response time in the experiment when the peak significant t-value occurs.A). 
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In both model and human, these initial positive responses could be explained by the 

contribution of the hamstring tendon reflex mechanism (Van de Crommert et al., 1996), 

which is implemented in the model through a force-feedback component. Comparing 

Figure 4-5) Comparing ipsilateral A. hamstring and B. knee angle responses to the mechanical 

perturbations applied during swing, in the model and human. The black arrows in the human response 

column indicate the response time in the experiment when the peak significant t-value occurs.A with 

Figure 4-5) Comparing ipsilateral A. hamstring and B. knee angle responses to the mechanical 

perturbations applied during swing, in the model and human. The black arrows in the human response 

column indicate the response time in the 

experiment when the peak significant t-

value occurs.B, gives insight into this 

mechanism and the correlation 

between the hamstring muscle 

modulation and the knee joint 

angle. Figure 4-5) Comparing 

ipsilateral A. hamstring and B. knee angle 

responses to the mechanical perturbations 

applied during swing, in the model and 

human. The black arrows in the human 

response column indicate the response 

time in the experiment when the peak 

significant t-value occurs.B, illustrates 

that in both model and human, in 

response to the forward push of the 

Figure 4-5) Comparing ipsilateral A. hamstring and 

B. knee angle responses to the mechanical 

perturbations applied during swing, in the model and 

human. The black arrows in the human response 

column indicate the response time in the experiment 

when the peak significant t-value occurs. 
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legs, the knee angle increases for response times after mid-swing. Knee extension 

response after mid-swing, lengthens the hamstring muscle. Based on the muscle force-

length relationship, as the hamstring muscle length gets longer and closer to its optimal 

value, it becomes capable of producing more force. Since in the model the hamstring 

muscle group excitation is controlled through a fixed-latency force reflex mechanism, 

we observe that in response to the perturbations applied during swing that increase the 

hamstring muscle force, the hamstring muscle excitation also increases after short 

delays. This counteractive force-feedback mechanism eventually helps the model 

retreat the leg in response to the forward push applied during swing. This observation 

supports our hypothesis that humans could also be using this mechanism to slow down 

the swing leg progression. 

 

4.3.3.2 Ipsilateral leg early-stance compensatory strategy: 

Another strategy to rapidly correct for the effect of the perturbation is using 

compensatory strategies to prevent further error accumulation. As shown in Figure 

4-3) Comparing the Ankle AP position response to the mechanical perturbations in the 

model and human. A. demonstrates the IRF responses in heat maps that have two 

independent variables: perturbation phase on the horizontal axis and normalized 

response time on the vertical axis. The color coding of the heat maps from cold to hot 

indicates the value of the IRFs (white for 0, yellow and red for positive, and blue for 

negative). The value m, specified above each heatmap, is the maximum absolute 
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response value which we used to define the color map (see color bar). The diagonal 

line in the heat map corresponds to a response measured at the same time the 

perturbation is applied. By definition, the IRF is 0 (white) below this line. The black 

arrow indicates the response time in the experiment when the peak significant t-values 

occurs. B. takes a vertical slice of the ankle AP response heat maps and depicts the 

IRF for the perturbations applied at 3 specific phases during swing. Blue shaded areas 

depict experimental IRFs with 95% confidence interval, and solid black lines shows 

model’s the direct IRFs. Yellow arrows indicate the time of perturbation. . the 

mechanical perturbation pushes the leg forward relative to the pelvis, thus increasing 

the leg angle. Previously, we have hypothesized that the early-stance modulation of 

anterior muscles, including tibialis anterior (TA) and rectus femoris serves to 

compensate for the error in the leg angle relative to pelvis by producing a torque that 

propels the COM forward (Rafiee and Kiemel, 2020). However, due to the 

configuration of the joint angles, the modulation of these muscles before heel strike 

does not have the same effect. We expected that since the model does not possess any 

mechanism to produce such phase-specific non-counteractive strategy, the TA and 

HFL muscular responses would be different in the model comparing to humans. 

Figure 4-6) Comparing ipsilateral TA response to the mechanical perturbations applied during swing, 

in the model and human. Since in the model, the magnitude of the initial response in much smaller, 

compared to the phase shift effect, in the heatmaps, the muscle responses were depicted only at time 

prior to ipsilateral leg heel strike The black arrows in the human response column indicate the response 

time in the experiment when the peak significant t-value occurs. illustrates the TA response to the 
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mechanical perturbations in model 

and humans. In human participants, 

the TA excitation increased in early 

stance in response to forward push of 

the ankles during swing. The 

maximum value of these initial 

positive responses was 0.39 1/Ns. On 

the other hand, the model’s initial 

response occurred during swing, 

after short delays from the onset of 

perturbation. The increase in TA 

excitation in the model was the result 

of a short-latency stretch reflex (i.e. 

length feedback) mechanism that 

served to counteract the ankle 

plantarflexion introduced by the 

perturbation. This initial positive 

response in the model had a 

maximum value of 0.04 1/Ns and was 

much smaller compared to the effect 

caused by the time shift (Figure 4-6) 

Comparing ipsilateral TA response to the 

mechanical perturbations applied during swing, in 

Figure 4-6) Comparing ipsilateral TA response to 

the mechanical perturbations applied during swing, 

in the model and human. Since in the model, the 

magnitude of the initial response in much smaller, 

compared to the phase shift effect, in the heatmaps, 

the muscle responses were depicted only at time 

prior to ipsilateral leg heel strike The black arrows 

in the human response column indicate the response 

time in the experiment when the peak significant t-

value occurs. 
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the model and human. Since in the model, the magnitude of the initial response in much smaller, 

compared to the phase shift effect, in the heatmaps, the muscle responses were depicted only at time 

prior to ipsilateral leg heel strike The black arrows in the human response column indicate the response 

time in the experiment when the peak significant t-value occurs.). In other words, the model rather 

than compensating for the increase in leg angle relative to the pelvis, effectively 

responded to the perturbations by delaying the excitation of TA.  
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Figure 4-7) Comparing ipsilateral HFL/RF 

response to the mechanical perturbations applied 

during swing, in the model and human. The black 

arrows in the human response column indicate the 

response time in the experiment when the peak 

significant t-value occurs compares the rectus 

femoris (RF) muscle response in humans 

with the HFL response in the model. In 

this case, the muscular response was 

different in terms of both the direction of 

the response and its timing. The 

experimental data showed initial positive 

responses for RF at early stance (Figure 

4-7) Comparing ipsilateral HFL/RF response to 

the mechanical perturbations applied during 

swing, in the model and human. The black arrows 

in the human response column indicate the 

response time in the experiment when the peak 

significant t-value occurs). On the other hand, 

the model demonstrated negative 

responses at mid swing (Figure 4-7) 

Comparing ipsilateral HFL/RF response to the 

mechanical perturbations applied during swing, in 

the model and human. The black arrows in the human response column indicate the response time in the 

Figure 4-7) Comparing ipsilateral HFL/RF 

response to the mechanical perturbations applied 

during swing, in the model and human. The black 

arrows in the human response column indicate the 

response time in the experiment when the peak 

significant t-value occurs 
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experiment when the peak significant t-value occurs): at the phase -0.15, which corresponds to 

the toe-off time of the contralateral leg. This difference in response can be explained 

by the dependency of the HFL muscle in the model on the trunk lean at toe-off. 

Regardless of the source of this difference, the decrease in the HFL excitation in the 

model, further decreases the forward torque on COM and can be partially responsible 

for the slower recovery of the model.  
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4.3.3.3 Contralateral leg late-stance compensatory strategy: 

Lastly, one additional strategy to rapidly converge back to the original gait patterns is 

to compensate for the initial effects of the perturbations in the following steps. 

Previously we have hypothesized that in response to the mechanical perturbations that 

increases the length of the step, 

humans use a compensatory strategy 

to reduce the length of the next step 

after perturbation by reducing the 

excitation of the contralateral leg 

GAS muscle (Rafiee and Kiemel, 

2020). Since the studied model does 

not use any non-counteractive 

mechanism to control the GAS 

modulation, we did not expect its 

response to be similar to human 

response. In addition, we knew from 

the spatiotemporal data that the 

length of the next step after 

perturbation increases in the model 

(Figure 4-4) Comparing step length 

and duration responses to the 

mechanical perturbations in the 

Figure 4-8) Comparing contralateral muscle 

responses to the mechanical perturbations applied 

during swing, in the model and human: A. Gas, B. Sol. 

The black arrows in the heat maps indicate the 

response time in the experiment when the peak 

significant t-values occur. 
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model and human. As you go from right to left, the time delay between perturbation 

and response is increasing. The gray bars on the horizontal axis indicate values 

corresponding to single stance for the reference leg; the white bars indicate values 

corresponding to swing, and the black bars correspond to double support.A). Therefore, 

we predicted that the model’s contralateral GAS would respond to the perturbation by 

increasing its excitation.    

Figure 4-8) Comparing contralateral muscle responses to the mechanical perturbations 

applied during swing, in the model and human: A. Gas, B. Sol. The black arrows in the 

heat maps indicate the response time in the experiment when the peak significant t-

values occur. illustrates the contralateral plantarflexor muscles response to the 

mechanical perturbations in model and humans. In response to the forward push of the 

ankles during swing, the contralateral GAS (Figure 4-8) Comparing contralateral 

muscle responses to the mechanical perturbations applied during swing, in the model 

and human: A. Gas, B. Sol. The black arrows in the heat maps indicate the response 

time in the experiment when the peak significant t-values occur.A) and SOL muscles 

(Figure 4-8) Comparing contralateral muscle responses to the mechanical 

perturbations applied during swing, in the model and human: A. Gas, B. Sol. The black 

arrows in the heat maps indicate the response time in the experiment when the peak 

significant t-values occur.B) in the model demonstrated short-latency positive 

responses at mid-stance. These positive responses were product of a counteractive 

strategy. The mechanical perturbations caused dorsiflexion of the contralateral leg 

ankle and lengthened the plantarflexors. Due to the muscle force-length relationship, 
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the changes in the GAS and SOL lengths increased their forces, thus increasing the 

force-feedback induced excitations. The kinematic consequence of this mechanism was 

an increase in the length of the next step after perturbations (Figure 4-4) Comparing 

step length and duration responses to the mechanical perturbations in the model and 

human. As you go from right to left, the time delay between perturbation and response 

is increasing. The gray bars on the horizontal axis indicate values corresponding to 

single stance for the reference leg; the white bars indicate values corresponding to 

swing, and the black bars correspond to double support.A), which could have 

contributed to delaying of the recovery in the model. 

On the other hand, comparing the contralateral SOL muscle response in model and 

human, it appears that the increased activity of the contralateral SOL muscle in humans 

can be explained by similar counteractive strategy implemented in the model (Figure 

4-8) Comparing contralateral muscle responses to the mechanical perturbations applied 

during swing, in the model and human: A. Gas, B. Sol. The black arrows in the heat 

maps indicate the response time in the experiment when the peak significant t-values 

occur.B). 

4.4 Discussion 

 

The goal of this study was to test and further our understanding of what types of neural 

mechanisms the nervous system uses to stabilize walking. In order to better understand 

the neural mechanisms involved in the human stabilizing behavior, the first step is to 

make sure that the counteractive and non-counteractive responses have been previously 
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categorized correctly (Rafiee and Kiemel, 2020). We hypothesized that Geyer and Herr 

(2010) model, which is a counteractive model of locomotion that only uses gated reflex 

mechanisms, will be able to reproduce responses that we have categorized as 

counteractive, but not the non-counteractive ones. We tested Geyer and Herr (2010) 

model and found out that our previous classification was correct in most cases.  

4.4.1 Counteractive Mechanisms 

We observed that the model did a decent job in reproducing experimental data that we 

have categorized as fixed-latency counteractive responses. The ipsilateral Ham muscle 

group (Figure 4-5) Comparing ipsilateral A. hamstring and B. knee angle responses to the 

mechanical perturbations applied during swing, in the model and human. The black arrows in the human 

response column indicate the response time in the experiment when the peak significant t-value 

occurs.A) and the contralateral SOL muscle response (Figure 4-8) Comparing 

contralateral muscle responses to the mechanical perturbations applied during swing, 

in the model and human: A. Gas, B. Sol. The black arrows in the heat maps indicate 

the response time in the experiment when the peak significant t-values occur.B) to the 

perturbations were similar across the model and the experimental data in terms of the 

direction and the timing of the responses. The magnitudes of the responses were smaller 

in the model. However, this issue can be addressed by adding additional phase-specific 

reflex pathways to the model (Song and Geyer, 2017). In addition, the model’s 

underlying mechanisms were designed to represent the existing physiological studies 

and thus were similar between model and human. In the model, both muscles used a 

force-feedback mechanism. The experimental literature also suggests force-feedback 
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mechanism from Golgi tendon organs contributes to regulating Ham muscle group 

during late swing (Van de Crommert et al., 1996) and SOL muscle at late stance (Grey 

et al., 2007). 

4.4.2 Non-Counteractive Mechanisms 

On the other hand, generally, the model could not reproduce the strategies that we have 

classified as non-counteractive. For all such strategies observed in human participants, 

the corresponding muscular response were different between model and human. First 

and foremost, the response time of these muscular responses were different, which 

resulted in different subsequent kinematic effect. For instance, in response to the 

forward push of the ankle, TA showed initial positive responses at swing in the model 

and at early stance in humans (Figure 4-6) Comparing ipsilateral TA response to the mechanical 

perturbations applied during swing, in the model and human. Since in the model, the magnitude of the 

initial response in much smaller, compared to the phase shift effect, in the heatmaps, the muscle 

responses were depicted only at time prior to ipsilateral leg heel strike The black arrows in the human 

response column indicate the response time in the experiment when the peak significant t-value occurs.). 

In humans, the early stance increase in TA excitation is thought to contribute to 

displacing the pelvis forward relative to the stance foot, which compensates for errors 

in foot placement (Logan et al., 2017; Rafiee and Kiemel, 2020). On the other hand, in 

the model, the increased TA excitation during swing does not substantially affect the 

position of the pelvis relative to the stance foot. 

In addition to the difference in timing, in some cases the direction of the initial muscular 

responses was found to be different between model and human, which resulted in 
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opposite subsequent kinematic responses. For instance, the GAS modulation during 

mid stance is thought to contribute to leg progression (Neptune et al., 2001) and control 

the next step length. The experimental data showed that humans modulate the 

contralateral GAS  muscle at mid-stance (Figure 4-8) Comparing contralateral muscle 

responses to the mechanical perturbations applied during swing, in the model and 

human: A. Gas, B. Sol. The black arrows in the heat maps indicate the response time 

in the experiment when the peak significant t-values occur.A) to presumably decrease 

the length of the next step after the perturbation and compensate for the increase in the 

previous step length (Figure 4-4) Comparing step length and duration responses to the 

mechanical perturbations in the model and human. As you go from right to left, the 

time delay between perturbation and response is increasing. The gray bars on the 

horizontal axis indicate values corresponding to single stance for the reference leg; the 

white bars indicate values corresponding to swing, and the black bars correspond to 

double support.A). On the other hand, in the model, the increase in the contralateral 

GAS muscle excitation (Figure 4-8) Comparing contralateral muscle responses to the 

mechanical perturbations applied during swing, in the model and human: A. Gas, B. 

Sol. The black arrows in the heat maps indicate the response time in the experiment 

when the peak significant t-values occur.A) resulted in an increase in the following step 

length (Figure 4-4) Comparing step length and duration responses to the mechanical 

perturbations in the model and human. As you go from right to left, the time delay 

between perturbation and response is increasing. The gray bars on the horizontal axis 

indicate values corresponding to single stance for the reference leg; the white bars 

indicate values corresponding to swing, and the black bars correspond to double 
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support.A). Part of the difference in behavior could be attributed to the fact that human 

participants had to walk on a treadmill with a limited space, where increases in step 

length or cadence can have high penalties. The model was not developed to obey these 

constraints.  

4.4.3 Two-step Recovery: 

The aforementioned observations confirm that humans use different mechanisms from 

those implemented in the model to control walking. The models’ inability to use whole-

body mechanical degrees of freedom to compensate for the effect of the perturbation 

may explain why it is slower than human participants in converging back to its baseline 

gait (Figure 4-4) Comparing step length and duration responses to the mechanical 

perturbations in the model and human. As you go from right to left, the time delay 

between perturbation and response is increasing. The gray bars on the horizontal axis 

indicate values corresponding to single stance for the reference leg; the white bars 

indicate values corresponding to swing, and the black bars correspond to double 

support.B). Other experimental studies have also shown that in general, people plan 

two steps ahead (Matthis and Fajen, 2014) and can correct for perturbations within two 

steps (Hof et al., 2010). Similarly, it has been recently stablished that with appropriate 

control, simple models of gait can correct for small perturbations in a single step 

(Zaytsev et al., 2015). Even though it is not obvious what this appropriate control would 

look like in the human neural system, neuromechanical models of gait that could 

achieve a single-step recovery (e.g., Zaytsev et al., 2015) were not limited to using 

counteractive responses. Here, we argue that inclusion of non-counteractive control 
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could also considerably help humans to rapidly correct for perturbations. In the rest of 

this section, we compare characteristics of counteractive and non-counteractive 

strategies, in hope of developing a future neuromechanical model of human locomotion 

that can produce these compensatory strategies. 

4.4.4 Phase-specific Characteristics & Non-Counteractive Mechanisms  

One of the main discrepancies between model and human behavior lay in the timing of 

the responses. In the model, since the system is controlled by counteractive 

mechanisms, most of the responses had short latencies. They occurred with a fixed 

delay after the onset of perturbation. One exception to this behavior, was mechanisms 

that have both fixed latency and gating such that the gating delays the response, for 

example the HFL reflex dependency on the trunk lean angle at the heel take-off. On the 

other hand, experimental responses were much more phase-specific. In both model and 

humans, the responses occurred during phases at which the muscles were normally 

active. The model implemented this response mainly by turning the muscles off during 

undesired phases. However, in the humans even when the muscles were “on” earlier, 

the responses occurred at specific phases later on, usually around the peak of the 

muscle’s excitation. Ipsilateral TA response to the mechanical perturbation of a leg in 

humans is a good example of such behavior. Even though, this muscle is active during 

swing (Figure 4-2) Comparison between model (in black) and human mean waveforms 

(in blue) of A. the kinematics variables and B. muscle excitations during unperturbed 

cycles.  The experimental data includes 95% confidence intervals. For each joint angle 

the average value is subtracted from the signal. The Gray and white bars on the 
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horizontal axes correspond to single support phase (white for swing and gray for stance) 

for the reference leg.  The black bars indicate double support.), the response occurs at 

early stance phase (Figure 4-6) Comparing ipsilateral TA response to the mechanical 

perturbations applied during swing, in the model and human. Since in the model, the magnitude of the 

initial response in much smaller, compared to the phase shift effect, in the heatmaps, the muscle 

responses were depicted only at time prior to ipsilateral leg heel strike The black arrows in the human 

response column indicate the response time in the experiment when the peak significant t-value occurs.).  

Such phase-specific modulation of the muscle excitations in humans suggests the 

existence of a non-counteractive mechanism in the system. This non-counteractive 

controller could be a simple clock: similar to models that control the system at a spinal 

level through central pattern generators (CPGs, e.g.,  Aoi et al., 2010). Alternatively, 

this non-counteractive controller could be an internal model that uses information about 

the position of the system to estimate the current state/phase (Wolpert et al., 1995; Kuo, 

2002). Typically, such state-estimator mechanisms have been implemented at the 

supraspinal level in neuromechanical models (e.g., Taga, 1995) with the task of 

providing the phase to the spinal rhythm generators. Either way, this non-counteractive 

controller takes advantage of the knowledge about the phase of the system to dictate 

the control strategies. 

Nonetheless, one should be cautious in generalizing the phase-specific responses to 

non-counteractive mechanisms. We found some muscles in the model whose initial 

responses were short-latency, however, the peak responses occurred at specific phases. 

Contralateral SOL response is a good example for such a behavior (Figure 4-8) 
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Comparing contralateral muscle responses to the mechanical perturbations applied 

during swing, in the model and human: A. Gas, B. Sol. The black arrows in the heat 

maps indicate the response time in the experiment when the peak significant t-values 

occur.B). This phase-specific response is the result of a force-feedback mechanism that 

depends on the muscle length, and therefore, the peak response occurs where the 

muscle length is close to its optimal value. Similar passive control strategies that take 

advantage of preflexes have been suggested to contribute to the robustness of human 

locomotion (Gerritsen et al., 1998). 

However, aside from the timing of the responses, the compensatory nature of the 

response can be best explained, in a parsimonious manner, with a non-counteractive 

model. Since these compensatory responses often control movement at a whole-body 

level, they have to be implemented at a higher level of control, most likely the 

cerebellum (Takakusaki, 2013). The requirement of knowledge about the state of the 

system, potentially explains why the Geyer and Herr (2010) model could not reproduce 

the more complex compensatory strategies observed in human walking that were 

phase-specific, such as the modulation of the ipsilateral anterior muscles at early stance, 

or the contralateral RF in double support. 

Additionally, non-counteractive mechanisms are essential for compensatory strategies 

that do not necessarily oppose the effect of the perturbations, but rather implement an 

optimal alternative. Previously, studying upper-body movement, Wolpert et al. (1995) 

established that a model with only feedback components, similar to those used in 

counteractive mechanisms, is not optimal. Here, we showed that, a counteractive model 
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of human locomotion does not produce human-like features. The discrepancy in 

behavior between model and human might be due to the fact that the model does not 

respond optimally to the perturbations, whereas the humans might. 
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Chapter 5 :  Hybrid Neuromechanical Model of Human 

Walking 

In this chapter, we developed a neuromechanical model of walking with a hybrid 

controller including both counteractive mechanisms and a CPG. In chapter 4, we 

observed that a purely counteractive model of human locomotion cannot reproduce 

strategies that we have categorized as non-counteractive. Here, we investigated 

whether a hybrid model can reproduce human responses to external perturbations better 

than a purely counteractive model. Our results suggest that the structure of the chosen 

counteractive model is such that it behaves as if it already has a CPG. 

5.1 Introduction 

Phase-specific changes in the periodic muscle excitation waveforms play an important 

role in the control and stabilization of human locomotion. Due to the differences in the 

configurations of the joint and segment angels as well as the condition of the foot on 

the ground, modulation of the muscles at different phase of the gait cycle can cause 

different kinematic consequences. Therefore, one of the more important tasks of the 

neural controller is the timely regulation of the muscular responses to perturbations. To 

implement phase-specific responses, the neural controller should have information 

about the phase of the system. However, the mechanisms responsible for producing 

these phase-specific muscular responses is not yet understood. 

In theory, both gated counteractive mechanisms, and non-counteractive ones can 

produce phase-specific responses to perturbations. In chapter 4, we compared the 
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responses of a counteractive model of human locomotion to mechanical perturbations 

of the leg with those from human participants. We observed that a counteractive model 

of human locomotion that is controlled by simple reflex mechanisms is not able to 

reproduce most phase-specific responses that we have categorized as non-

counteractive. We hypothesized two reasons for this observation: (i) the model ignored 

the phase-dependency of non-counteractive responses in general, and (ii) it lacked the 

underlying mechanisms for specific strategies. For instance, our previous studies have 

suggested that the early stance TA modulation compensates for errors in foot-

placement using a phase-dependent mechanism that considers the position of the foot 

relative to the pelvis (Rafiee and Kiemel, 2020). Such a mechanism is absent in the 

Geyer and Herr (2010) model. 

Perhaps, more importantly, since the Geyer and Herr (2010) model only has gated 

reflexes, those reflex mechanisms are responsible for producing both realistic periodic 

muscle excitation waveforms as well as realistic responses to the perturbations. This 

balance is difficult to achieve in a model. In addition, the literature on central pattern 

generators (CPGs) suggest that gated reflexes are probably not solely responsible for 

producing the periodic muscle excitation waveforms in humans (Hultborn and Nielsen, 

2007). Rather, animal studies suggest that CPGs, which are non-counteractive spinal 

mechanisms, generate rhythmic locomotor muscle excitations similar to those seen 

during closed-loop walking (Grillner and Wallen, 1985). It has been hypothesized that 

the phase-dependent reflex mechanisms that contribute to gait stability are regulated 

through CPGs (Duysens et al., 1992). Gait simulation literature has also shown that 
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using CPGs, neuromechanical models of human locomotion were able to mimic some 

non-counteractive human gait responses to large perturbations, such as obstacle 

avoidance (Taga, 1998) or recovery strategies (Jo, 2007). 

Thus, we argue that having a CPG in a model is both rational and perhaps it allows one 

the modeling flexibility necessary to produce both realistic mean waveforms and 

realistic responses to perturbations. In this study, we examined whether adding a CPG 

to a model of human walking that is primarily controlled by counteractive mechanisms, 

would help the model behave more like a human.  

For the counteractive model, we chose Song and Geyer (2015), which is a newer 

version of the model studied in chapter 4 (Geyer and Herr, 2010). We then added a 

CPG to a version of this model and analyzed and compared the responses of the 

counteractive model and the hybrid model to external perturbations.   

We hypothesized that having a mechanism to account for the phase-dependency of the 

muscle modulations, such as a CPG, might be necessary but not sufficient for producing 

all non-counteractive responses. We expected that adding a CPG to the model to affect 

the average muscle excitation patterns and the reflex mechanisms that rely on them. 

Such a mechanism might help the model produce some of the phase-specific responses 

observed in humans. On the other hand, for the model to produce all human responses 

it should include additional control mechanisms. Therefore, we expect our hybrid 

model to reproduce only a subset of the human response to external perturbations better 

than the counteractive model. 
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5.2 Methods: 

5.2.1 Overview: 

The goal of the current simulation study was to compare different types of neural 

mechanisms that can stabilize human walking. To this end, we studied 2 

neuromechanical models of human walking with the same plant but different 

controllers. We then characterized and compared the responses of these models to the 

same external perturbations. The first model was a stablished model of human 

locomotion with a counteractive controller (Song and Geyer, 2015). The second model 

had a hybrid controller including both counteractive and non-counteractive mechanism.  

We built this hybrid model by adding a CPG (inspired by Aoi et al., 2010) to our version 

of the Song and Geyer (2015) counteractive model. In what follows, we first describe 

the original counteractive model and the modifications we made to it. We then describe 

the elements of the non-counteractive mechanism that we added to the model. Lastly, 

we describe the perturbation simulation process and detail evaluation of the models’ 

responses. 

5.2.2 Model Description: 

Counteractive Model: 

The counteractive model of human locomotion is a 3D neuromechanical model 

developed in OpenSim; however, the body mechanics do not have all the mechanical 

degrees of freedom of a fully 3D model (Figure 5-1) Musculoskeletal model used to study 

human locomotion. This model had 14 degrees of freedom. It had a 6-DoF joint between the pelvis and 
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the ground. In addition, each leg had a 2-DoF hip joint, a 1-DoF knee joint, and a1-DoF ankle joint. The 

model is actuated by 11 muscles per leg: hip abductor (HAB), hip adductor (HAD), gluteus maximus 

(GLU), hamstrings (HAMS), hip flexor (HFL), rectus femoris (RF), vasti (VAS), biceps femoris short 

head (BFSH), gastrocnemius medialis (GAS), soleus (SOL), and tibialis anterior (TA).  

). This model is adapted from a version of the Song and Geyer (2015) model, which is 

publicly shared on a repository on GitHub. The musculoskeletal system of this model 

is comprised of 7 rigid segments (two 3-segmented legs and a torso) connected by 

rotational joints, and it has 14 mechanical degrees of freedom. The model is actuated 

by 11 Hill-type muscles on each leg that receive excitations from the neural controller. 

 
 

 

The model controls the muscle excitations by gated fixed-latency reflex mechanisms 

involving four groups of feedback information (muscle forces, muscle lengths, joint 

angles, and ground contact forces). The controller is organized into nine modules, sets 

of reflexes, which are activated based on the conditional role they play during stance 

Figure 5-1) Musculoskeletal model used 

to study human locomotion. This model 

had 14 degrees of freedom. It had a 6-DoF 

joint between the pelvis and the ground. In 

addition, each leg had a 2-DoF hip joint, a 

1-DoF knee joint, and a1-DoF ankle joint. 

The model is actuated by 11 muscles per 

leg: hip abductor (HAB), hip adductor 

(HAD), gluteus maximus (GLU), 

hamstrings (HAMS), hip flexor (HFL), 

rectus femoris (RF), vasti (VAS), biceps 

femoris short head (BFSH), 

gastrocnemius medialis (GAS), soleus 

(SOL), and tibialis anterior (TA).  
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and swing. These conditional roles are: 1) control the stance leg, 2) control the stance 

leg when the contralateral leg is in swing 3) keep leg is stance, 4) initiate swing, 5) 

control the swing leg, 6) flex the knee when the leg is in swing, 7) hold the knee when 

the leg is in swing, 8) stop the leg when it is in swing, and 9) hold the leg when it is in 

swing. Even though some of these modules are independent of each other, there are 

constraints in the model which dictate the sequence in which most of the modules 

become active. 

Each module can contribute to several muscles, and each muscle excitation is the sum 

of a baseline excitation and the relevant control module reflexes. 

Inspired by physiological studies on the role of sensory information from Golgi tendon 

organs, muscle spindles, and cutaneous receptors, the modules operate at the spinal 

level. In addition to the modules, this model has a simple supraspinal counteractive 

controller that alters the reflex gains. This supraspinal component uses information 

about the AP position and velocity of the COM relative to the ankle of the stance foot 

to adjust the foot placement of the swing leg. 

Since in this study, we wanted to investigate the responses of the models to small 

external perturbations, we had to make sure that the perturbation responses were greater 

than the numerical error in the model. Therefore, we modified the conditional modules 

in the Song and Geyer (2015) model and used smooth approximations for them (see 

Appendix I) 
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Counteractive Model + CPG without Phase-Resetting 

We adapted our smooth version of the Song and Geyer (2015) model in OpenSim by 

adding non-counteractive components to it. In this study, we used a CPG as the core 

non-counteractive component of our model. Like the original counteractive Song and 

Geyer (2015) model, in our adaptation, each muscle excitation is a function of a 

baseline excitation and the relevant counteractive reflexes. However, here, we reduced 

the contribution of the reflexes by half and had the CPG regulate the muscles’ baseline 

excitations. Therefore, for each muscle, the excitation was defined as a weighted sum 

of the counteractive reflex excitation and the non-counteractive CPG excitation. 

Inspired by Aoi et al. (2010), in our model, we implemented the CPG as a “synergy” 

network that turns a subset of muscles “on” during a portion of the gait cycle. The CPG 

in Aoi et al. (2010) model consists of a rhythm generator (RG) and a pattern formation 

(PF). 

In this model, RG operates as a clock. It consists of two simple phase oscillators: one 

for each leg. These oscillators encourage the legs to move anti-phase and have the same 

frequency, 𝜔 (Aoi et al., 2010): 

𝜑̇ipsi =  𝜔 − 𝐾 sin(𝜑ipsi − 𝜑contra − 𝜋) 

where, K=1.7 is a constant,  𝜑ipsi is the phase of the ipsilateral leg, 𝜑̇ipsi is its derivative 

and 𝜑contra is the phase of the contralateral leg. When the system is on its limit cycle, 

phase resetting has no effect on the system, and 𝜔 is equal to 2𝜋/𝑇. Therefore, on its 
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limit cycle 𝜔 specifies the walking period, 𝑇. Since our counteractive model walked 

with the period of 𝑇 = 1.032, here we set 𝜔 to be 6.08 𝑟𝑎𝑑/𝑠. 

 

PF uses information about the phase of the gait cycle, provided by RG, to produce five 

basic rectangular patterns (Aoi et al., 2010): 

𝐶𝑃𝐺𝑖(𝜑) =  {1 𝜑𝑖
𝑜𝑛 ≤ 𝜑 ≤ 𝜑𝑖

𝑜𝑓𝑓

0 otherwise
𝑖 = 1,… , 5 

 

in a fixed sequence, where, 0 ≤ 𝜑1
𝑜𝑛 < 𝜑1

𝑜𝑓𝑓
< 𝜑2

𝑜𝑛 < 𝜑2
𝑜𝑓𝑓

< 𝜑3
𝑜𝑛 < 𝜑3

𝑜𝑓𝑓
< 𝜑4

𝑜𝑛 <

𝜑4
𝑜𝑓𝑓

< 𝜑5
𝑜𝑛 < 𝜑5

𝑜𝑓𝑓
≤ 2𝜋 

Therefore, for each muscle the CPG excitation, 𝑆𝐶𝑃𝐺𝑀
, was the weighted sum of these 

five rectangular pulses (𝐶𝑃𝐺𝑖 ): 

𝑆𝐶𝑃𝐺𝑀
(𝜑) = ∑𝑊𝑀𝑖𝐶𝑃𝐺𝑖(𝜑)

5

𝑖=1

 

𝑊𝑀𝑖 is the weighting coefficient of muscle 𝑀 and 𝐶𝑃𝐺𝑖, and its matrix has the 

following form: 

 

𝑊 =

[
 
 
 
 

0 0 0 0 𝑊𝑉𝐴𝑆1 0 0 0 𝑊𝑇𝐴1

0 0 0 0 0 0 𝑊𝐺𝐴𝑆2 𝑊𝑆𝑂𝐿2 0
𝑊𝐻𝐹𝐿3 0 0 𝑊𝑅𝐹3 0 𝑊𝐵𝐹𝑆𝐻3 0 0 0

0 0 0 0 𝑊𝑉𝐴𝑆4 0 0 0 𝑊𝑇𝐴4

0 𝑊𝐺𝐿𝑈5 𝑊𝐻𝐴𝑀5 0 0 𝑊𝐵𝐹𝑆𝐻5 0 0 0 ]
 
 
 
 
𝑇

 



  

 

 

 

 

93 

 

Optimization: 

To determine the parameters of these 5 synergies (10 parameters: 𝜑𝑖
𝑜𝑛, 𝜑𝑖

𝑜𝑓𝑓
), and the 

weighting coefficient 𝑊𝑀𝑖 (12 parameters: 9 muscles, 3 of them use 2 synergies), we 

used optimization to maximize a reward function 𝐽: 

𝐽 = 10 𝑇Alive − 0.1 𝐶Effort − 𝐶Velocity − 5 𝐶Trunk 

𝐶Effort =  
1

𝑇sim
∑ ∑ 𝑎𝑐𝑡𝑀𝑖

2
11

𝑀=1
∆𝑡

𝑇sim/∆𝑡

𝑖=1
 

𝐶Velocity =
1

𝑇sim
 ∑ ‖𝑣⃗𝑖 − 𝑣⃗𝑡𝑔‖

𝑇sim/∆𝑡

𝑖=1
∆𝑡 

𝐶Trunk =
1

𝑇sim
 ∑ (𝜃Trunk𝑖

)
2
∆𝑡

𝑇sim/∆𝑡

𝑖=1
 

which maximizes the reward for the time model can walk without falling (𝑇Alive ) and 

minimizes an effort cost (𝐶Effort), the cost of deviation from a target velocity 

(𝐶Velocity), and the cost of the trunk angle deviations from upright (𝐶Trunk).  𝑇sim= 6 s 

is the optimization simulation duration; ∆𝑡 = 0.001 s is the simulation time step; 𝑎𝑐𝑡𝑀is 

the muscle 𝑀 activation level; 𝑣⃗ is the pelvis velocity vector, and  𝑣⃗𝑡𝑔= [1.4, 0, 0] m/s 

is its velocity target. 𝜃𝑇𝑟𝑢𝑛𝑘 is the trunk lean angle. 

The optimization procedure was implemented via a steady state genetic algorithm 

(Gad, 2021). To initiate the optimization, an initial guess of 20 possible solutions was 

randomly generated, each solution was used to perform a simulation and each 

simulation was scored per the reward function. The 10 simulations with the best scores 
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were retained and used to generate new feasible solutions. We included a 10% element 

of randomness to allow for a broad evaluation of the solution space. This process was 

repeated over 40 generations and the solution with the highest reward function score 

was retained for further analysis as follows: 

𝑊𝑉𝐴𝑆1 = 0.446, 𝑊𝑇𝐴1 = 0.392, 𝑊𝑉=𝐺𝐴𝑆2 = 0.783, 𝑊𝑆𝑂𝐿2 = 0.134, 𝑊𝐻𝐹𝐿3 = 0.981, 𝑊𝑅𝐹3 

= 1.08, 𝑊𝐵𝐹𝑆𝐻3 = 0.950, 𝑊𝑉𝐴𝑆4 = 0.329, 𝑊𝑇𝐴4 = 0.389, 𝑊𝐺𝐿𝑈5 = 0.951, 𝑊𝐻𝐴𝑀5 = 0.728, 

𝑊𝐵𝐹𝑆𝐻5 = 0.831, 𝜑1
𝑜𝑛= 0.000, 𝜑1

𝑜𝑓𝑓
= 0.160(2𝜋), 𝜑2

𝑜𝑛= 0.237(2𝜋), 𝜑2
𝑜𝑓𝑓

= 0.410(2𝜋), 

𝜑3
𝑜𝑛= 0.557(2𝜋), 𝜑3

𝑜𝑓𝑓
= 0.735(2𝜋), 𝜑4

𝑜𝑛= 0.755(2𝜋), 𝜑4
𝑜𝑓𝑓

= 0.863(2𝜋), 𝜑5
𝑜𝑛= 

0.889(2𝜋), 𝜑5
𝑜𝑓𝑓

= (2𝜋).  

Counteractive Model + CPG  

In the final version of the model, the non-counteractive component is comprised of a 

CPG that has phase-resetting capabilities. In this case, the RG is no longer a simple 

clock, but it uses information about the ipsilateral leg heel-strike time, 𝑡ipsi
𝐶𝑜𝑛, and toe-

off time, 𝑡ipsi
𝑂𝑓𝑓 , to reset the phase of the ipsilateral leg (Aoi et al., 2010): 

𝜑̇ipsi =  𝜔 − 𝐾 sin(𝜑ips𝑖 − 𝜑contra − 𝜋) − (𝜑ipsi − 𝜑𝑂𝑓𝑓)𝛿(𝑡 − 𝑡ipsi
𝑂𝑓𝑓 − 𝜏)

− (𝜑ipsi − 𝜑𝐶𝑜𝑛)𝛿(𝑡 − 𝑡ipsi
𝐶𝑜𝑛 − 𝜏) 

where 𝛿(𝑡) approximates the Dirac delta function. 𝜑𝐶𝑜𝑛  and 𝜑𝑂𝑓𝑓 are constant values 

for the phase to be reset when the leg contacts and leaves the ground, respectively. 

Here, the delta function ensures that after a short delay, 𝜏, from the onset of the heel 
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strike or toe-off time, the phase resets to 𝜑𝐶𝑜𝑛or 𝜑𝑂𝑓𝑓. In our adaptation, we 

approximated the Dirac delta function as 𝛿(𝑡) =  
𝑒−(𝑡 𝑎⁄ )2

a√𝜋
, with 𝑎 = 0.01. 

To find 𝜑𝐶𝑜𝑛  and 𝜑𝑂𝑓𝑓, we ran the previously optimized model without phase 

resetting. We found a range of initial phases for the right and left legs with which the 

model was stable. Throughout this range, after a few cycles, the period always 

converged to 𝑇 = 1.033 𝑠, and the phase at heel stirk and toe-off converged to 

0.98(2𝜋) and 0.52(2𝜋) respectively. Considering the delay of 𝜏 = 50 ms in the phase-

resetting algorithm, we found  𝜑𝐶𝑜𝑛 = 0.02(2𝜋)  and 𝜑𝑂𝑓𝑓 = 0.57(2𝜋). 

5.2.3 Perturbation simulation: 

For each model, we simulated 101 runs: 100 perturbed walking simulations and a single 

unperturbed one. The simulations were done in OpenSim with the default integrator 

(Runge-Kutta-Merson) and integrator accuracy of 5 × 10−8. An identical mechanical 

perturbation was applied to all models, at a different phase of the gait cycle in each 

simulation. Like chapter 4, the mechanical perturbation was an impulse of force, 

approximated by a scaled Gaussian function of time: 𝐹(𝑡) =  
𝐴

𝜎√2𝜋
𝑒

−(𝑡−𝑡0)2

2𝜎2 , where 𝜎 

was 0.005 s, and A was 0.5 Ns. With these parameters, the maximum force applied to 

both legs was 
𝐴

𝜎√2𝜋
 = 39.9 N. In order to mimic the experimental string-pulley 

perturbation system (Rafiee and Kiemel, 2020), each leg was exposed to half of this 

impulse force. Before applying the mechanical perturbations, we let the models run for 
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at least 6 s to get close to their limit cycle and the simulation continued at least 4 cycles 

after the perturbation was applied. 

5.2.4 Data Analysis & Response Comparison: 

We analyzed kinematic and muscular responses to the perturbations. Like chapter 4, all 

the variables were expressed as a function of normalized time, which is time divided 

by the unperturbed period 𝑇. We used linear interpolation to fit the kinematic variables 

and muscle excitations to the phase cycle with the step length of T/100. The human 

data were also fitted to a 100-point phase cycle. To compare the average behavior of 

models with human, for each variable we calculated the root mean square of the 

variable’s Z-score: 𝑅𝑀𝑆𝑍 =  √
1

𝑛
∑ (

𝑥exp(𝜗)−𝑥sim(𝜗)

𝑠𝑡𝑑exp(𝜗)
)

2
𝑛−1
𝜗=0 , where, 𝑥sim(𝜗) is the 

simulated value at phase (𝜗); 𝑥exp (𝜗) is the mean experimental value; 𝑠𝑡𝑑exp(𝜗) is 

the experimental between-subject standard deviation, and 𝑛=100 is the number of 

points in the phase cycle. Finally, to analyze the response of the two models to a 

forward force perturbation at the ankles we calculated the direct IRFs for all variables, 

by subtracting the unperturbed signals from the perturbed ones, and dividing the 

difference signals by the integral of the impulse force, A.  
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5.3 Results 

5.3.1 Unperturbed Behavior: 

The average velocity of the human walking in the experimental study was 1.39 m/s 

(Rafiee and Kiemel 2020). The Reflex model walked with an average velocity of 1.44 

m/s and the average velocity for the Reflex+CPG model was 1.25 m/s. Figure 5-2) 

Comparison between A.  the kinematic variables and B. muscle excitations between 

the two models (Reflex in blue and Reflex+CPG in red) and human mean waveforms 

(in black) during unperturbed cycles. The bars on the horizontal axes correspond to the 

condition of the reference leg on the ground (white for swing, gray for single support 

and black for double support). For the models, the average ratio of double support to 

single support 0.6 is used compares the mean kinematics waveforms and muscles 

excitations between the two models and human data measured in the experimental 

study. In general, both models were relatively successful in replicating the mean human 

kinematics. The Reflex model had an average 𝑅𝑀𝑆𝑍 of 3.52 for the lower-body joint 

angles, and the Reflex+CPG model had an average 𝑅𝑀𝑆𝑍 of 3.17. In addition, the 

Reflex+CPG model deviated less from the mean periodic waveform of human trunk 

angle (trunk 𝑅𝑀𝑆𝑍 =2.88) than the Reflex model (trunk 𝑅𝑀𝑆𝑍 = 6.30). On the other 

hand, the double support duration relative to the stride duration was closer to human 

data (0.13) in the Reflex model (0.08) comparing to the Reflex+CPG model (0.04). 
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Both models were also successful in replicating the mean patterns of human muscular 

waveforms. The Reflex model deviated less from average human muscle excitation 

(with an average 𝑅𝑀𝑆𝑍of 3.94) than the Reflex+CPG model (with an average 𝑅𝑀𝑆𝑍 of 

4.11). Part of these deviations can be attributed to the differences in the double support 

durations between models and human. On the other hand, the on/off timing of the 

muscle excitation patterns agreed more with the human data in the Reflex+CPG model 

comparing to the Reflex model. This finding was not surprising since the primary 

function of the CPG was producing the basic patterns of muscle excitations. 

Figure 5-2) Comparison between A.  the 

kinematic variables and B. muscle 

excitations between the two models 

(Reflex in blue and Reflex+CPG in red) 

and human mean waveforms (in black) 

during unperturbed cycles. The bars on 

the horizontal axes correspond to the 

condition of the reference leg on the 

ground (white for swing, gray for single 

support and black for double support). For 

the models, the average ratio of double 

support to single support 0.6 is used 
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5.3.2 Kinematic Responses: 

In general, we found that the initial kinematic responses to the perturbations applied 

during swing were similar across the models and human data. In response to the 

forward force perturbation, the position of the swing leg ankle relative to the pelvis 

increased right after the onset of the perturbation in all cases (Figure 5-3) Comparing 

the Ankle AP position response to the mechanical perturbations in the models and 

human. A. demonstrates the IRF responses in heat maps that have two independent 

variables: perturbation phase on the horizontal axis and normalized response time on 

the vertical axis. The color coding of the heat maps from cold to hot indicates the value 

of the IRFs (white for 0, yellow and red for positive, and blue for negative). The value 

m, specified above each heatmap, is the maximum absolute response value which we 

used to define the color map (see color bar). The diagonal line in the heat map 

corresponds to a response measured at the same time the perturbation is applied. The 

IRF is 0 (white) below this line. B.  takes a vertical slice of the ankle AP response 

heat maps and depicts the IRF for the perturbations applied at mid swing (phase = -

0.3). Black shaded areas depict experimental IRFs with 95% confidence interval, and 

solid blue and red lines show the Reflex model and the Reflex+CPG direct IRFs.). In 

other words, the leg was displaced forward without any delay after the perturbation was 

applied. The initial response was of the same order of magnitude across the models and 

human data, with the maximum value of 16.58 mm/Ns, 17.04 mm/Ns and 22.99 mm/Ns 

respectively for the Reflex model, the Reflex+CPG model and the human responses. 
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However, the initial response of both models to the perturbations applied during the 

stance phase, when the contralateral leg was in swing, was in the opposite direction of 

human responses. The negative response observed in human data indicates the effect 

of the perturbation shifting and delaying the timings of the gait cycle. On the other 

hand, in both models, the swing phase perturbation of the contralateral leg, resulted in 

an initial time advance in the stance leg, which produced the opposite kinematic effects. 

The models had slower transients than human participants (not shown here). However, 

once the models converged back to the limit cycle, allowing the phase shift to be 

computed, those phase shifts were negative, thus mimicking human behavior 
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Figure 5-3) Comparing the Ankle AP position response to the mechanical perturbations in the models 

and human. A. demonstrates the IRF responses in heat maps that have two independent variables: 

perturbation phase on the horizontal axis and normalized response time on the vertical axis. The color 

coding of the heat maps from cold to hot indicates the value of the IRFs (white for 0, yellow and red 

for positive, and blue for negative). The value m, specified above each heatmap, is the maximum 

absolute response value which we used to define the color map (see color bar). The diagonal line in 

the heat map corresponds to a response measured at the same time the perturbation is applied. The 

IRF is 0 (white) below this line. B.  takes a vertical slice of the ankle AP response heat maps and 

depicts the IRF for the perturbations applied at mid swing (phase = -0.3). Black shaded areas depict 

experimental IRFs with 95% confidence interval, and solid blue and red lines show the Reflex model 

and the Reflex+CPG direct IRFs. 

   



  

 

 

 

 

102 

 

The initial AP pelvis response to the mechanical perturbations were also similar across 

the models and human; however, the magnitude of the response was much smaller in 

the models (Figure 5-4). In response to the mechanical perturbations applied during 

swing, the pelvis showed initial positive responses parallel to the diagonal line of the 

perturbations onset, which indicates that these responses were due to the inertial 

properties of the system. The behavior of the models and humans diverged in the 

following steps. Figure 5-4B compares the IRFs up to 4 cycles after the cycle in which 

the perturbation was applied. In humans, after the initial positive response, the AP 

pelvis IRF converged back to zero. In other words, in response to the perturbations 

during swing the pelvis was initially displaced forward but returned to its original 

position in the next cycle. However, in the models, the initial positive response was 

followed by a negative response that persisted even when walking returned to the limit 

cycle.  
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Figure 5-4) Comparing the Pelvis AP position response to the mechanical perturbations in the 

models and human. A. demonstrates the IRF responses in heat maps that have two independent 

variables: perturbation phase on the horizontal axis and normalized response time on the vertical 

axis. B. takes a vertical slice of the ankle AP response heat maps and depicts the IRF for the 

perturbations applied at mid swing (phase = -0.2). Black shaded areas depict experimental IRFs 

with 95% confidence interval, and solid blue and red lines show the Reflex model and the 

Reflex+CPG direct IRFs. 
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5.3.3 Muscular Responses: 

The aim of this study was to examine whether adding a CPG to a counteractive model 

of human walking (Song and Geyer 2015) would help it produce phase specific 

responses. In chapter 4, we have observed that the older version of the studied model 

here (i.e., Geyer and Herr 2010) was not capable of producing (i) the early stance 

modulation of the anterior muscles and (ii) the late stance modulation of the GAS 

muscle. Therefore, in this study, we focused our analysis on these 2 groups of responses 

that we found the Geyer and Herr (2010) model failed to reproduce. 

 

Early Stance Strategy: In the experimental data, in response to the perturbations during 

swing, the human participants showed positive responses at early stance for the anterior 

muscles including TA and VAS. We observed that neither model was able to reproduce 

the human TA response to the force perturbations (Figure 5-5). The average response 

for both models from late swing to early stance is close to zero. Thus, the models’ 

responses are consistent with the effect produced by time shifts. On the other hand, for 

humans the average response is positive, which indicates an increase in the excitation 

of TA.  
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Unlike the TA responses, the average VAS responses form late swing to early stance 

seem to be substantially positive for both models and for humans (Figure 5-6) Comparing 

ipsilateral VAS response to the mechanical perturbations in the models and human. A. demonstrates the 

IRF responses heat maps. B. takes a vertical slice of the ankle AP response heat maps and depicts the 

IRF for the perturbations applied at mid swing (phase = -0.2)). In both models, the VAS muscle 

had force feedback mechanisms which were indirectly affected by the perturbation. 

The mechanical perturbations caused flexion of the hip joint (not shown) and shortened 

the VAS muscle length. Due to the muscle force-length relationship, the changes in the 

Figure 5-5) Comparing ipsilateral TA response to the mechanical perturbations in the models 

and human. A. demonstrates the IRF responses heat maps. B. takes a vertical slice of the 

ankle AP response heat maps and depicts the IRF for the perturbations applied at mid swing 

(phase = -0.3). 
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muscle length increased its force, thus increasing the force-feedback induced 

excitations at its peak value. In addition to the force-feedback mechanism, the VAS 

muscle excitation has implemented in it a proportional-derivative reflex mechanisms 

that uses information about the knee joint angle to prevent hyperextension. The 

mechanical perturbation also caused extension of the knee joint (not shown). Due to 

the phase-specific nature of the knee hyperextension, this reflex mechanism caused an 

increase in VAS excitation right before heel strike in the Reflex+CPG model. 

 

Figure 5-6) Comparing ipsilateral VAS response to the mechanical perturbations in the 

models and human. A. demonstrates the IRF responses heat maps. B. takes a vertical slice 

of the ankle AP response heat maps and depicts the IRF for the perturbations applied at mid 

swing (phase = -0.2) 
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Late stance strategy: The other strategy that we observed in human participants in 

response to the forward perturbation of the swing leg was a decrease in the excitation 

of the contralateral GAS muscle during late stance. In both models, the GAS muscle 

excitation was a product of a force feedback reflex mechanism. Therefore, like the VAS 

muscle, we expected the addition of the CPG to help improve the timing of the GAS 

response. However, in both models we observed a decrease in the excitation of the GAS 

muscle during late stance (Figure 5-7). The magnitude of the response was smaller in 

the reflex model, but the models did not show any other substantial differences.  

 

Figure 5-7) Comparing Contralateral GAS response to the mechanical perturbations in the 

models and human. A. demonstrates the IRF responses heat maps. B. takes a vertical slice 

of the ankle AP response heat maps and depicts the IRF for the perturbations applied at 

mid swing (phase = -0.3). 
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5.4 Discussion: 

To further understand the neural mechanisms involved in control of human walking, in 

this study we compared the response of two neuromechanical models of human 

walking with previously collected experimental data (Rafiee and Kiemel 2020). We 

hypothesized that adding a CPG to a counteractive model of human walking (Song and 

Geyer, 2015) would improve the timing of at least subset of the muscular responses 

and would consequently positively affect the subsequent kinematic responses. 

However, our results did not show substantial differences between the responses of the 

two neuromechanical models. In this section, we first compare the models’ responses 

with those of the humans and then attempt to understand why the addition of the CPG 

did not affect any of the muscular responses to a large extent.   

5.4.1 Neuromechanical Models vs Human 

In general, we observed that the initial kinematic responses were similar across the 

models and human (Figure 5-3) Comparing the Ankle AP position response to the 

mechanical perturbations in the models and human. A. demonstrates the IRF 

responses in heat maps that have two independent variables: perturbation phase on the 

horizontal axis and normalized response time on the vertical axis. The color coding of 

the heat maps from cold to hot indicates the value of the IRFs (white for 0, yellow 

and red for positive, and blue for negative). The value m, specified above each heatmap, 

is the maximum absolute response value which we used to define the color map (see 

color bar). The diagonal line in the heat map corresponds to a response measured at the 

same time the perturbation is applied. The IRF is 0 (white) below this line. B.  takes 



  

 

 

 

 

109 

 

a vertical slice of the ankle AP response heat maps and depicts the IRF for the 

perturbations applied at mid swing (phase = -0.3). Black shaded areas depict 

experimental IRFs with 95% confidence interval, and solid blue and red lines show 

the Reflex model and the Reflex+CPG direct IRFs.), which indicates that the plant is 

represented well in the models. However, the muscular responses were found to be 

much more variable.  We first address whether this difference in behavior could be 

attributed to the fact the human participants walked on a treadmill, whereas the 

neuromechanical models simulated overground walking. We know that the priorities 

of the neural controller in overground walking vs treadmill walking can be different in 

response to large perturbations. However, previous experimental studies using visual 

perturbations have shown that when walking on the treadmill, human participants did 

not correct a much larger forward displacement of the pelvis several cycles after the 

perturbation (Rafiee and Kiemel 2020). Figure 5-8  compares the magnitude of the AP 

pelvis forward displacement in response to the visual perturbations with the mechanical 

perturbations used in this study. The data suggests that the perturbations in this study 

were small enough that the limited space of the treadmill did not introduce any 

restriction on foot-placement strategies. 
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5.4.2 Reflex Model vs Reflex+CPG Model 

In the rest if this chapter, we compare the two neuromechanical models of human 

walking. In chapter 4 we found that a counteractive model of human walking (Geyer 

and Herr 2010) cannot produce most phase-specific muscular responses observed in 

human walking. Rather, most responses occurred with a fixed delay after the onset of 

perturbation. We argued that to implement phase-specific responses, the neural 

controller should have information about the phase of the system. To give the model 

phase information, we proposed using a CPG.  

We compared the effect of the controllers on local stability of human walking by 

calculating the phase-dependent muscular responses of the models to perturbations. 

The observed phase-dependent responses can be attributed either to changes in the 

magnitude of average muscle waveform or the effect of time shifts on the average 

waveform. We expected that a Reflex+CPG model, in which the contribution of reflex 

to neural control is halved, to reduce the responses caused by change in the magnitude 

Figure 5-8) Comparing AP Pelvis response to the mechanical vs visual perturbations 

applied at mid swing (phase = -0.2) in human. The shaded areas depict experimental 

IRFs with 95% confidence interval. 
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of average waveform. Indeed, we observed smaller magnitude of responses in the 

Reflex+CPG model than the Reflex model. However, in most cases the ratio of the two 

models’ responses were not 1 to 2. This observation indicates the important effect of 

time shifts in the responses. 

We expected that a CPG, whose functional role is to set the timing of the muscle 

excitations, to help the model reproduce responses that are due to time shifts. However, 

we found the response of the Reflex model and the Reflex+CPG model to be very 

similar. Both models were able to reproduce the early stance VAS (Figure 5-6) 

Comparing ipsilateral VAS response to the mechanical perturbations in the models and human. A. 

demonstrates the IRF responses heat maps. B. takes a vertical slice of the ankle AP response heat maps 

and depicts the IRF for the perturbations applied at mid swing (phase = -0.2)) and the late stance 

GAS responses (Figure 5-7) to mechanical perturbations, which the older version of 

the Reflex model (Geyer and Herr, 2010) failed to reproduce. This improvement can 

be attributed to the fact that the Song and Geyer (2015) model is dominantly controlled 

by sequential modules that gate the reflex mechanisms. In a way these sequential 

modules function as an implicit neural clock and produce similar phase-specific 

responses that we expected the combination of CPG and spinal reflexes to produce. 

Our general hypothesis was correct; incorporating mechanisms that account for the 

phase-dependency of non-counteractive responses helps a model to appropriately time 

the responses to perturbations. These two models used different mechanism to account 

for this phase-dependency. Given the important roles CPGs play in neural control of 

mammalian locomotion (Hultborn and Nielsen, 2007), their involvement in producing 
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these types of phase-specific responses in neural control of human walking is very 

plausible. 

However, as discussed in the introduction, accounting for the phase-dependency of 

muscle modulations is not sufficient for producing all human muscular responses. In 

particular, we observed that neither model was able to reproduce the TA response to 

the mechanical perturbations. Previously, we have hypothesized that the early-stance 

increase in the excitation of TA compensates for the error in foot placement by 

propelling the pelvis forward relative to the stance foot (Rafiee and Kiemel 2020).  

Since the TA excitation in the model was controlled through a stretch reflex mechanism 

and did not depend on any mechanisms of compensating in errors of foot-placement, 

we did not expect that adding a CPG to the model would be sufficient for reproducing 

human responses. In the future, we plan to predict the neural feedback from the 

experimental data and then add those feedback components to the model. For example, 

the TA excitation will include some sort of “cutaneous” feedback. This cutaneous 

feedback would be a proportional controller that corrects for the errors in the relative 

position of the foot and pelvis form its desired value at heel strike.
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Chapter 6 :  Conclusions 

This thesis aimed at expanding the current understanding of the neural control of human 

locomotion. In particular, it sought to examins the role of different muscle modulations 

in maintaining the local stability of human walking and the mechanisms that the 

nervous system uses to produce theses muscle modulations.  

In study one, we investigated the role of early stance modulation of the ankle 

dorsiflexor muscle, TA, in correcting for errors in foot placement. To investigate the 

role of TA in speed control during early stance, we imposed a restriction on ankle 

dorsiflexion using a taping method, which limited the ability of this muscle to 

accelerate the body forward during early stance. We characterized the kinematic and 

muscular responses of this “restricted” walking to mechanical perturbations and 

compared the results with those from “normal” human walking. We observed that as 

intended the dorsiflexion restriction compromised the TA’s ability to perform work. 

Even though strategies varied between subjects, several subjects showed indication of 

adaptation of the neural feedback so that it produced smaller TA responses at early 

stance. This change in the dorsiflexor muscle excitation also had the kinematic 

consequences of smaller dorsiflexion response at early stance. Our hypothesis was that 

if the early-stance modulation of TA indeed plays an important role in speed control, 

then in the absence of its contribution, the nervous system either would use alternative 

speed control strategies or would suffer consequences. We observed that with the 

diminished contribution of TA to speed control, the nervous system increased the 
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excitation of the other anterior muscle group, namely VAS modulation at early stance. 

This strategy helped accelerate the COM forward and compensated for the errors in 

foot placement, thus our hypothesis was supported. 

In studies two and three, we used computer simulation of human walking to investigate 

the neural mechanisms responsible for producing the stabilizing responses observed in 

human locomotion. In a previous study (Rafiee and Kiemel 2020), we classified 

responses of human walking to small mechanical perturbations that resulted in forward 

displacement of the swing leg as counteractive and non-counteractive based on the 

latency of the responses and whether we could hypothesize a reflex mechanism to 

produce them or not. In study two we tested the previous counteractive / non-

counteractive classification of the muscular responses. To this end, we examined the 

response of a counteractive model of human walking (Geyer and Herr, 2010) to 

external mechanical perturbations and compared its results to those from experimental 

studies (Rafiee and Kiemel, 2020). Our results supported the previous categorization. 

The model was able to reproduce the responses that we have categorized as 

counteractive but could not reproduce phase-specific muscle modulations that 

compensated for the errors in foot-placement. We concluded that implementing such 

strategies would require a more sophisticated control.  

Finally, as a follow up to study two, in study three we compared different types of 

neural mechanisms that can stabilize human walking. Study two suggested that the 

implementation of the non-counteractive strategies requires a more sophisticated 

control involving mechanisms such as a clock or a state estimator. Therefore, in study 
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three, we developed a hybrid controller by adding a CPG to a newer version of the 

counteractive model of human walking in study two (Song and Geyer, 2015). To 

investigate whether the hybrid model reproduced human responses to external 

perturbations better than the purely counteractive model, we characterized and 

compared the responses of both models to the same external perturbations. We found 

that both models performed better than the model in study two (Geyer and Herr, 2010); 

however, no substantial differences were observed between the models. This finding 

suggests that the structure of the chosen counteractive model is such that it behaves as 

if it already has a CPG. 

Completely understanding the role of the neural feedback in maintaining the local 

stability of human walking remains a challenge in the field of motor control. In this 

thesis, we provided additional evidence on the role of early stance TA modulation in 

foot-placement strategies and hypothesized neural mechanisms responsible for 

producing such non-counteractive strategies. 
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Appendices 

Appendix I: Smoothing the Song & Geyer (2015) Model 

 

The original Geyer model has 9 modules that are binary.  

        𝑠𝑡  :    leg in stance 

        𝑠𝑡_𝑐𝑠𝑤 :   leg in stance & contra-leg in swing 

        𝑠𝑡_𝑠𝑤0 :   leg in stance & initiate swing 

        𝑠𝑡_𝑠𝑡 :   leg in stance & keep in stance 

        𝑠𝑤 :     leg in swing 

        𝑠𝑤_𝑓𝑙𝑒𝑥_𝑘 :   leg in swing & flex knee 

        𝑠𝑤_ℎ𝑜𝑙𝑑_𝑘 :   leg in swing & hold knee 

        𝑠𝑤_𝑠𝑡𝑜𝑝_𝑙 :   leg in swing & stop leg 

        𝑠𝑤_ℎ𝑜𝑙𝑑_𝑙 :   leg in swing & hold leg 

 

These modules depend on several parameters, some of which are binary:  

        𝑐𝑖  :    ipsilateral leg contact at the current time point 

        𝑐𝑖𝑝  :    ipsilateral leg contact at the previous time point 

        𝑐𝑐  :    contralateral leg contact at the current time point 

        𝑏𝑐_𝑠𝑤_𝑖𝑛𝑖𝑡  :   brain command, initiate swing (which leg to transition into 

swing at double support) 

 

and some are continuous: 

        𝜑  :   knee angle  

        𝜑_𝑡𝑔𝑡  :   brain command, target knee angle 

        𝛼  :   foot-placement, hip angle - 0.5 knee angle 

        𝛼_𝑡𝑔𝑡  :   brain command, desired foot-placement 

        𝛼_𝛿  :   brain command,  

        𝑑_𝛼  :   brain command, hip velocity - 0.5 knee velocity 

 

        𝐺𝑅𝐹𝑖  :   ipsilateral leg ground reaction force 
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        𝐺𝑅𝐹𝑐  :   contralateral leg ground reaction force 

*** 

The Geyer model uses ground reaction data, 𝐺𝑅𝐹𝑖, to determine if the leg is in swing 

(𝑐𝑖 = 0) or stance (𝑐𝑖 = 1): 

𝑖𝑓 𝐺𝑅𝐹𝑖 > 0.1: 

𝑐𝑖 = 1          [0-G] 

𝑒𝑙𝑠𝑒 (𝐺𝑅𝐹𝑖 ≤ 0.1): 

𝑐𝑖 = 0 

Based on current (𝑐𝑖) and previous (𝑐𝑖𝑝) ground contact information, the Geyer model 

divides gait cycle into 4 sequential parts, (the order of the commands is important since 

the early lines can be overwritten). Here, we summarize the original code: 

𝑖𝑓 𝑐𝑖𝑝 == 0 & 𝑐𝑖 == 1: (When the foot touches the ground) 

𝑠𝑡 = 1         [1-G] 

𝑠𝑤 = 0         [2-G] 

𝑠𝑤_𝑓𝑙𝑒𝑥_𝑘 = 0       [3-G]  

𝑠𝑤_ℎ𝑜𝑙𝑑_𝑘 = 0        [4-G] 

𝑠𝑤_𝑠𝑡𝑜𝑝_𝑙 = 0       [5-G] 

𝑠𝑤_ℎ𝑜𝑙𝑑_𝑙 = 0         [6-G] 

𝑖𝑓 𝑠𝑡 == 1:   (During stance control) 

𝑠𝑡_𝑐𝑠𝑤 = 1 − 𝑐𝑐       [7-G] 

𝑠𝑡_𝑠𝑤0 =  𝑏𝑐_𝑠𝑤_𝑖𝑛𝑖𝑡      [8-G] 

𝑠𝑡_𝑠𝑡 =  1 − 𝑠𝑡_𝑠𝑤0       [9-G] 

𝑖𝑓 𝑐𝑖𝑝 == 1 & 𝑐𝑖 == 0: (When the foot loses contact) 
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𝑠𝑡 = 0         [10-G] 

𝑠𝑡_𝑐𝑠𝑤 = 0          [11-G] 

𝑠𝑡_𝑠𝑤0 = 0         [12-G] 

𝑠𝑡_𝑠𝑡 = 0         [13-G] 

𝑠𝑤 = 1         [14-G] 

𝑠𝑤_𝑓𝑙𝑒𝑥_𝑘 = 1          [15-G] 

 

𝑖𝑓 𝑠𝑤 == 1:   (During swing control) 

 𝑖𝑓 𝑠𝑤_𝑓𝑙𝑒𝑥_𝑘 == 1:  

  𝑖𝑓 𝜑 < 𝜑_𝑡𝑔𝑡:  

𝑠𝑤_𝑓𝑙𝑒𝑥_𝑘 = 0      [16-G] 

   𝑠𝑤_ℎ𝑜𝑙𝑑_𝑘 = 1      [17-G] 

𝑒𝑙𝑠𝑒 (𝑠𝑤_𝑓𝑙𝑒𝑥_𝑘 == 0): 

  𝑖𝑓 𝑠𝑤_ℎ𝑜𝑙𝑑_𝑘 == 1:  

    𝑖𝑓 𝛼 < 𝛼_𝑡𝑔𝑡: 

    𝑠𝑤_ℎ𝑜𝑙𝑑_𝑘 = 0     [18-G] 

𝑖𝑓 𝛼 < 𝛼𝑡𝑔𝑡 + 𝛼_𝛿 ∶  

   𝑠𝑤_𝑠𝑡𝑜𝑝_𝑙 = 1      [19-G] 

  𝑖𝑓 𝑠𝑤_𝑠𝑡𝑜𝑝_𝑙 == 1 & 𝑑_𝛼 > 0:  

   𝑠𝑤_ℎ𝑜𝑙𝑑_𝑙 = 1      [20-G] 

*** 

Here, we attempted to find smooth implementation of these lines of code: 
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The first step was to define the ground contact variable, 𝑐𝑖 , as a smooth function of the 

ground reaction force, 𝐺𝑅𝐹𝑖. To this end, we used the following equation: 

 𝑐𝑖 = 𝑔(𝑠𝑝_𝑐 ∗ (𝐺𝑅𝐹𝑖 − 0.1) + 0.5)      [0-M] 

, where 𝑠𝑝_𝑐 is the contact force smoothing factor and  

 𝑔(𝑥) =
𝑓(𝑥)

(𝑓(𝑥)+𝑓(1−𝑥))
 , 

 𝑓(𝑥) =  {
0 𝑥 ≤ 0

𝑒
−1

𝑥 𝑥 > 0
  

Using [0-M] guarantees a smooth transition from 0 to 1 when 𝐺𝑅𝐹𝑖 changes from 0 to 

0.2. Note that in the limit of large 𝑠𝑝_𝑐, [0-M] is mathematically equivalent to [0-G]. In 

addition, [0-M] allows for maintaining a fine resolution that can be achieved even with 

small 𝑠𝑝_𝑐. In our implementation, we set 𝑠𝑝_𝑐 = 5.  

(General stance and swing dynamics) 

We used the 𝑐𝑖 as specified in [0-M] to determine the stance and swing dynamics. 

Consider [1-G] and [10-G] in the Geyer model. These conditions set the dynamics of 

the variable 𝑠𝑡. When the “first ground contact” condition is met, 𝑠𝑡 is set to 1 [1-G].  

𝑠𝑡 does not change until the “lose contact” condition is met, where 𝑠𝑡 is set to 0 [10-

G], and it remains 0 until the next ground contact. Conceptually, the ground contact 

information, 𝑐𝑖, and the stance module, 𝑠𝑡, are the same; therefore, we used the 

following single line of code to define the 𝑠𝑡 dynamics:  



 

 

 

 

120 

 

 𝑠𝑡 = 𝑐𝑖             [1-M] 

Similarly, line [2-G] and [14-G] set the dynamics of the variable 𝑠𝑤.  When the “first 

ground contact” condition is met, 𝑠𝑤 is set to 0 [2-G] and remain 0 until the next “lose 

contact” condition is met, where 𝑠𝑤 is set to 1 [14-G]. Given the contrasting nature of 

𝑠𝑡 and 𝑠𝑤, we defined 𝑠𝑤 as follows: 

 𝑠𝑤 = 1 − 𝑠𝑡             [2-M] 

(Stance modules dynamics) 

The stance modules dynamics are all conditioned on 𝑠𝑡. When 𝑠𝑡 is 0, these modules 

are set to 0 [11-13-G] and when 𝑠𝑡 is 1, these values obey equations [7-9-G]. Therefore, 

we approximated the stance modules dynamics as follows: 

𝑠𝑡_𝑐𝑠𝑤 = 𝑠𝑡 ∗ (1 − 𝑐𝑐)             [3-M] 

𝑠𝑡_𝑠𝑤0 =  𝑠𝑡 ∗ 𝑏𝑐_𝑠𝑤_𝑖𝑛𝑖𝑡             [4-M] 

𝑠𝑡_𝑠𝑡 =  𝑠𝑡 ∗ (1 − 𝑠𝑡_𝑠𝑤0)             [5-M] 

(Swing modules dynamics) 

In the original Geyer model, the swing modules dynamics not only are conditioned on 

𝑠𝑤, but also on the flex-knee dynamics [16-20-G]. If the flex-knee dynamics are met, 

the rest of the swing modules are set to 0. Therefore, to calculate the swing modules, 

first the flex-knee condition had to be assessed. We defined the variable 𝑓𝑙𝑒𝑥𝑘1 that is 

1, when the conditions for flexing the leg are met and is 0 otherwise (see [6-M]).  
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In the Geyer model, [16-G] sets the variable 𝑠𝑤_𝑓𝑙𝑒𝑥_𝑘 to 0, if the conditions for 

flexing the leg are met (i.e., 𝑓𝑙𝑒𝑥𝑘1 = 1); otherwise, it does not change 𝑠𝑤_𝑓𝑙𝑒𝑥_𝑘. 

This condition checks for the leg to be already flexing and the knee angle, 𝜑, to be 

smaller than a target knee angle, 𝜑_𝑡𝑔𝑡. In practice, [16-G] only acts on the model 

during early swing. Therefore, here, to define 𝑓𝑙𝑒𝑥𝑘1, we distinguished between the 

early and late swing, using the foot-placement variable, 𝛼. 𝑓𝑙𝑒𝑥𝑘1 is set to 1, when 

𝜑 > 𝜑_𝑡𝑔𝑡 and 𝛼 > 1.5; otherwise 𝑓𝑙𝑒𝑥𝑘1 is set to 0. To ensure a smooth 

implementation of these conditions, we used tanh function [6-M]: 

 𝑓𝑙𝑒𝑥𝑘1 = (0.5 + 0.5 ∗ tanh (𝑠𝑝_𝑘1 ∗ (𝜑 −  𝜑_𝑡𝑔𝑡))) ∗ (0.5 + 0.5 ∗ tanh (𝑠𝑝_𝑘2 ∗

(𝛼 −  1.5)))   

                  [6-M] 

The dynamics of the rest of the modules during swing was approximated using 𝑓𝑙𝑒𝑥𝑘1. 

(Flex knee dynamics) 

In the Geyer code, lines [3-G], [15-G] and [16-G] set the dynamics of the 𝑠𝑤_𝑓𝑙𝑒𝑥_𝑘.  

When the “first ground contact” condition is met, 𝑠𝑤_𝑓𝑙𝑒𝑥_𝑘 is set to 0 [3-G].  

𝑠𝑤_𝑓𝑙𝑒𝑥_𝑘 does not change until the “lose contact” condition is met, where 𝑠𝑤_𝑓𝑙𝑒𝑥_𝑘 

is set to 1 [15-G]. During swing, [16-G] sets the dynamics of 𝑠𝑤_𝑓𝑙𝑒𝑥_𝑘. Therefore, 

the flex knee dynamics can be approximated as follows: 

𝑠𝑤_𝑓𝑙𝑒𝑥_𝑘 = 𝑠𝑤 ∗  𝑓𝑙𝑒𝑥𝑘1             [7-M] 
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(Hold knee dynamics) 

[17-G] & [18-G] set the dynamics of the 𝑠𝑤_ℎ𝑜𝑙𝑑_𝑘. When the leg is in swing (i.e., 

𝑠𝑤 = 1), if the knee is flexing (i.e., 𝑓𝑙𝑒𝑥𝑘1 = 1), 𝑠𝑤_ℎ𝑜𝑙𝑑_𝑘 is set to 0 [17-G]. If the 

knee is not flexing (i.e., 𝑓𝑙𝑒𝑥𝑘1 = 0), the relationship between the foot-placement 

variable 𝛼 with its target value, 𝛼_𝑡𝑔𝑡, sets the dynamics of the 𝑠𝑤_ℎ𝑜𝑙𝑑_𝑘 [18-G]. [8-

M] is our attempt at a smooth implementation of the hold knee dynamics: 

𝑠𝑤_ℎ𝑜𝑙𝑑_𝑘 = 𝑠𝑤 ∗  (1 − 𝑓𝑙𝑒𝑥𝑘1) ∗ [0.5 + 0.5 ∗ tanh (𝑠𝑝_ℎ𝑘 ∗ (𝛼 −  𝛼_𝑡𝑔𝑡)) ]   

[8-M] 

(Stop leg dynamics) 

Similarly, dynamics of 𝑠𝑤_𝑠𝑡𝑜𝑝_𝑙  depends on both the 𝑠𝑤 and 𝑓𝑙𝑒𝑥𝑘1. When the leg 

is in swing and the knee not flexing (i.e., 𝑓𝑙𝑒𝑥𝑘1 = 0), the 𝑠𝑤_𝑠𝑡𝑜𝑝_𝑙  dynamics 

depends on the relationship between the foot-placement variable 𝛼 and a threshold 

close to its target value, 𝛼𝑡𝑔𝑡 + 𝛼_𝛿 [19-G]. Conceptually, if the leg is in swing and the 

knee is not flexing, the knee is in hold condition; therefore, we approximated the 

𝑠𝑤_𝑠𝑡𝑜𝑝_𝑙 as follows: 

𝑠𝑤_𝑠𝑡𝑜𝑝_𝑙 = 𝑠𝑤_ℎ𝑜𝑙𝑑_𝑘 ∗ [0.5 + 0.5 ∗ tanh (𝑠𝑝_𝑠𝑙 ∗ (𝛼 − 𝛼𝑡𝑔𝑡 + 𝛼_𝛿)) ]   

[9-M] 

(Hold leg dynamics) 
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Lastly, 𝑠𝑤_ℎ𝑜𝑙𝑑_𝑙 dynamics depends on 𝑠𝑤_𝑠𝑡𝑜𝑝_𝑙. When the leg is in swing, the knee 

is not flexing and the stop leg condition is satisfied, the 𝑠𝑤_ℎ𝑜𝑙𝑑_𝑙 dynamics depend 

on the sagittal leg angular velocity 𝑑_𝛼 [20-G]. [10-M] is a smooth approximation of 

𝑠𝑤_ℎ𝑜𝑙𝑑_𝑙: 

𝑠𝑤_ℎ𝑜𝑙𝑑_𝑙 =  𝑠𝑤_𝑠𝑡𝑜𝑝_𝑙 ∗ [0.5 + 0.5 ∗ tanh(𝑠𝑝_ℎ𝑙 ∗ 𝑑_𝛼) ]   [10-M] 
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