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Abstract 

Variable Step Length Control for a Hybrid Neuroprosthesis Using Dynamic Movement 

Primitives and Model Predictive Control 

 

Abdullah Ahmad, M S. 

 

University of Pittsburgh, 2020 

 

            There are approximately 17,000 people that are diagnosed with spinal cord injury (SCI) 

each year, where a considerable number of persons are diagnosed with paraplegia. Efforts to 

restore walking include the use of Functional Electrical Stimulation (FES) and power-

exoskeletons. FES applies electrical current to motor nerves to create muscle contraction that 

produce desired limb movement. FES has been shown to recreate lower-limb functions in 

paraplegic subjects. However, the method suffers from rapid onset of muscle fatigue caused by 

non-physiological stimulation and unreliable muscle force generation. A powered exoskeleton can 

be combined with FES to overcome its limitations. The combined system, which is called a hybrid 

exoskeleton, has been recently used to restore lower-limb functions of subjects with paraplegia.  

            The control methods in these hybrid exoskeletons produce a quasi-static gait with a 

constant step length. A variable step length adjustment is needed to meet a user’s preference to 

walk at his/her desired step length. Almost all gait algorithms rely on off-line trajectory generation 

and are incapable to change step length on demand, in real-time. Therefore, a need exists to design 

real-time gait trajectory modification system and gait controller that produce different step lengths. 

            This thesis investigates a variable step length algorithm and an optimal gait controller that 

combines Dynamic Movement Primitives (DMPs), muscle synergies, and Model Predictive 

Control (MPC). Discrete DMPs were used to spatially and temporally scale previous dynamically 
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optimized trajectories to various step lengths. The gait controller is a muscle synergy-inspired 

control scheme that facilitate the use of dynamic postural synergies. Dynamic postural synergies 

were found using off-line optimizations that distribute the actuator effort among the available 

actuators to produce the withdrawal reflex and knee extension. Using dynamic postural synergies, 

it was also possible to minimize co-activation due to FES between antagonistic muscle pairs. A 

MPC method was used to optimally compute the synergy activation coefficients that drive the 

system to the desired postures for different step lengths. Simulation results indicate a good tracking 

performance of the MPC method to produce a desired step length and the feasibility of the DMPs 

to produce different step lengths. 
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1.0 Problem Statement and Motivation 

Every year nearly 17,810 people around the world are diagnosed with spinal cord injury which 

impairs the walking function of the injured population and limits their quality of life [34]. To 

remedy this situation, powered exoskeletons and functional electrical stimulation (FES) are two 

main options to recreate lower-limb functions in persons with spinal cord injuries. FES artificially 

produces desired limb functions by applying electrical potential across certain muscle groups [20]. 

It was first used by Kantrowitz et al. [24] and Liberson et al. [29] to correct drop foot and from 

there on it has been successfully used to and restore walking [36,40,42]. However, FES elicited 

walking faces some unresolved issues of rapid onset of muscle fatigue and limitations such as 

variable muscle force generation. These issues and challenges limit the duration of FES-assisted 

walking activities.  

FES can be combined with a passive orthosis to reduce the effects of muscle fatigue [11-

13]. The addition of a passive orthosis mitigates the magnitude of fatigue effects by lowering the 

stimulation duty cycle of FES since it can be used to support the user’s weight during walking. 

However, the combination of FES and a passive orthosis is still susceptible to muscle induced 

fatigue because power is only provided by FES. Recently, powered exoskeletons that use electric 

motor drives to recreate lower-limb functions have been used [13,35] which unlike FES, can 

reliably generate joint torques. The issue with powered exoskeletons is that it requires larger and 

heavier batteries to be mounted for longer walking sustainability which adds bulk to the 

exoskeleton. A hybrid scheme that combines FES with a powered exoskeleton [2,5,6] seems most 

promising for implementation as a gait restoration device by reducing power consumption and 

actuator size in the powered exoskeleton. In addition, the variable muscle torque generation can 
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be overcome while maintaining the therapeutic benefits of FES such as muscle regrowth and 

increase in bone density [3]. 

Nearly all hybrid neuroprostheses use a pre-defined joint trajectory that allows walking. In 

many cases, a user might wish to walk varying step lengths or adjust a step length per his/her 

convenience. There are studies that address the problem of online trajectory adjustment for 

powered exoskeletons. The WPAL robot in [23] utilizes a walker with laser sensors to capture the 

user’s step length intention then uses a minimum jerk trajectory-based motion planning algorithm 

in the joint space with via-point constraints that are obtained from orbital energy results. [9] uses 

dynamic movement primitives (DMPs) to dynamically adjust a recorded swing foot and hip 

trajectories from normal person gait and expand it to different step lengths then use an inverse 

kinematics approach to solve for new joint angles. The revised trajectory can be enforced using a 

feedback controller. However, none of these studies promote solutions that work for the hybrid 

exoskeleton case because along with the trajectory generation, the controller also needs to 

coordinate between FES electric motors. 

Hybrid exoskeleton controllers use a range of approaches including model predictive 

control for sitting-to-standing [8,33], a muscle synergy approach for walking [2] to allocate control 

inputs between FES and the electric motors. However, the muscle synergy approach is limited to 

a constant step length. For each new step length, a new optimization must be performed which is 

a computationally intensive off-line process. Due to a time-consuming optimization computation, 

control for each step length may need to be computed off-line and predetermined, which limits its 

applicability to on-demand arbitrary user-specified step lengths. Therefore, the need to synthesize 

an algorithm that addresses faster motion planning is needed. In this thesis a motion planning 

algorithm that uses DMPs to recreate lower-limb trajectories found by using muscle synergies is 
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explored and tested. DMPs are powerful tools used to dynamically model trajectories and re-plan 

them [22]. With this method, previous dynamically optimized trajectories can be adjusted to fit 

different step lengths. Then dynamic postural synergies were used to allocate the torque input 

between FES and electric motors. Finally, an MPC controller is used to compute the synergy 

activation coefficients required to drive the system to the desired states based on different step 

lengths. 

1.1 Thesis Contributions 

There are three main contributions in this research: 

Contribution 1: In Chapter 4, a trigonometrical relationship is used to find the relationship 

between the step length and the corresponding initial and end states of the joint angles. The concept 

of DMPs is then used to capture previous dynamically optimized trajectories from [2] then rescale 

those trajectories for different step lengths and speeds. In addition, simulations were done to show 

how a captured trajectory scales to different step lengths. 

Contribution 2: In Chapter 5, the concept of artificial dynamic postural synergies is used 

to find specific FES and electric motor inputs to the hybrid neuroprosthesis that would trigger the 

withdrawal reflex and knee extension. These key dynamic postural synergies are used as a part of 

the torque input allocation which is then implemented in the MPC later in the chapter.  

Contribution 3: In Chapter 5, an MPC for trajectory tracking is developed for the walking 

model that utilizes the scaled trajectories from Chapter 4 and dynamic postural synergies in early 

Chapter 5 to compute the optimal synergy activation coefficients. Simulation studies were 

conducted to show the performance of the MPC in tracking the desired scaled trajectories. 
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This thesis is organized as follows: Chapter 2 contains literature review of Functional 

Electrical Stimulation (FES), Dynamic Movement Primitives (DMPs), muscle synergies, and 

Model Predictive Control (MPC). The musculoskeletal model of the hybrid neuroporsthesis is 

presented in chapter 3. Chapter 4 presents the DMP framework along with simulation results of 

spatially and temporally scaled walking trajectories. In Chapter 5, the concept of muscle synergy 

is used to aid the motor torque allocation problem. Additionally, Chapter 5 introduces the MPC 

problem formulation along with simulation results showing its performance in tracking the scaled 

trajectories and computing optimally synergy activation coefficients. Finally, Chapter 6 presents 

the conclusion of this thesis and future work.  

 



 5 

2.0 Background and Literature Review 

2.1 Review of Functional Electrical Stimulation (FES) for Gait Restoration 

Functional Electrical Stimulation (FES) applies short electrical pulses to motor-nerves to 

generate desired muscle contractions. External electrodes are used to transduce electrical pulses to 

muscle tissues. Electrode placement can be applied in three ways: The first one by using surface 

electrodes in which they are attached to the surface of the skin. The second one is uses 

percutaneous electrodes where the electrodes are placed within the desired muscle segment.  

Finally, implanted electrodes require surgical intervention to place the electrodes directly on the 

motor nerve. In some muscle tissues such as the quadriceps, surface electrodes are reliable enough 

produce the knee extension due to ease of access to these muscles. However, other muscles such 

as hip flexors are deeply located in the body and therefore require implanted electrodes to 

transduce the electrical current to the muscle [16]. Joint actuation due to FES typically depends on 

four main factors which are the pulse amplitude, pulse duration, pulse frequency, and the shape of 

the stimulation.  

FES was first used by Kantrowitz et al. to correct foot drop in subjects with hemiplegia 

which prevented foot-dragging during walking [24]. Later on, FES culminated in various 

restoration applications such as sitting-to-standing [10,11] and walking [10,18]. In [23] standing 

and walking were achieved by stimulating the subject’s glutes and quadriceps. In [6,26] a complete 

FES gait cycle was produced by stimulating the personal nerve which produced hip, knee and 

ankle actuation. FES-inspired gait restoration allowed different researches to develop different 
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applications of FES that proved to help subjects with Spinal Cord Injury (SCI) restore their hand-

grasping, sitting, standing and walking functions [3,24,29,35,39]. 

Recently, FES has been combined with a powered exoskeleton to overcome the some of 

the shortcomings of FES such as muscle fatigue and unreliable muscle force generation. In [2], a 

synergy-based inspired controller was used to address actuator redundancy between FES and 

electric motor in a hybrid exoskeleton for walking. [25] used dynamic optimization that computes 

subject specific gait data and allocates FES and electric motors inputs to restore walking of an SCI 

subject. An iterative based switching controller for a hybrid neuroprosthesis that uses virtual 

constraints on joint angles was used developed in [33] to restore walking. A tube-based robust 

MPC coupled with a recurrent neural network (RNN) and reinforcement learning to compute ratio 

allocation between FES and motor were used in [8] to restore sitting-to-standing functions in 

subjects with SCI. The walking methods use predefined gait data which are computed offline. That 

means the step lengths are constant. Also, joint trajectories are both spatially and temporally 

constant which cannot be adjusted during walking.  

This thesis is motivated to address the problem of constant step lengths by investigating 

the ability to walk variable step lengths for a hybrid neuroprosthesis. To enable the variable step 

walking, Dynamic Movement Primitives (DMPs) are used to scale dynamically optimized 

trajectories. Then. muscle synergies and Model Predictive Control (MPC) utilize those scaled 

trajectories from DMP to optimally compute FES and electric motor inputs from synergies to drive 

the system to desired states. 
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2.2 Review of Dynamic Movement Primitives (DMPs) 

Historically, complex movement have always been thought by researchers to be consisted 

of sets primitive action or building blocks that are implemented in sequence or parallel to be used 

and modulated in real time. Dynamic Movement Primitives are mathematical formalization of 

these primitives [39]. The motive behind DMPs is to find a way to mimic complex actions that can 

be adjusted without having to worry about manual parameter tuning or instability. The essence of 

this work is transforming a well-understood simple attractor system by adding a learnable 

nonlinear forcing function to force it into a desired attractor behavior [22]. DMPs are separated 

into two kinds: 1) Discrete DMPs which uses a point attractor base system. 2) Rhythmic DMPS 

which uses a limit cycle base system.  

DMPs were first introduced by Dr. Stefan Schaal in 2003 in [39], inspired by the 

movements that biological systems exhibit on daily basis which had to mean that movement 

sequences consisted of primitive actions. Dr. Schaal experimented DMP as imitation learning on 

a 30 DOF Humanoid Robot by teaching it to play tennis. Imitation from human demonstration was 

realized by using an exoskeleton to first obtain cartesian coordinates of the end-effector then 

transforming it using inverse-kinematics such that each joint of the robot receives a separate joint 

space goal. The application also consisted of some parameter tuning that if changed in the DMP 

framework, it would flexibly scale some features of the trajectory such as spatial (goal) and 

temporal (time) scaling of the demonstrated trajectory.  

The framework of DMP was modified by Ijspeert in 2013 in [22] to introduce spatial 

coupling of the DMPs. Spatial coupling is added as a term in the nonlinear differential equation 

which is often specialized based on different objectives. An application of spatial coupling is 

obstacle avoidance which is added to the DMP formulation as a potential field treats obstacles as 
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repelling potential fields. This strategy is designed to automatically push the system to orbit the 

obstacles in an online reactive way which is favorable compared to preplanning. This methodology 

is effective since obstacles may suddenly appear in an unforeseen way where preplanning is not 

useful.  

Figure 1 shows how the obstacle-avoidance coupling term works for different trajectories 

which start at different initial steps but ending at the same goal for those trajectories. Depending 

on where the trajectory starts, the coupling term creates almost a curved route around the obstacle 

which appears spontaneously natural.  

 

Figure 1: Figure from [22] that demonstrates the trajectory avoidance pathing based on initial starting 

points. 

While DMPs were initially focused around humanoid robots, DMP inspired trajectory 

planning from [20,36] led many researchers apply their concepts in the fields of humanoid robots 

as well as exoskeletons. In [21], a 10 DOF anthropomorphic arm was used in a cup placement 

application. The imitation data was recorded from human end-effector movement and translated 

to joint angles using an inverse kinematics algorithm. [9] adapted the DMP framework for a 5DOF 

lower-limb exoskeleton to use recorded human gait data of the toe as an end-effector for a specific 

step length and scale that data to adapt to different step lengths. This end-effector was also 
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translated to joint angles using inverse kinematics. In [30], DMPs were utilized for a lower-limb 

exoskeleton to achieve stair ascending using the obstacle avoidance approach from [22] to model 

the tip of the stair as an obstacle, enabling trajectories to avoid them. 

If the exoskeleton used only electric motors, DMPs could be solely enough to control the 

exoskeleton in PID settings. The motor commands could be computed given that the desired 

angular positions and angular velocities can be directly computed. However, in the hybrid 

exoskeleton scheme that combine FES and electric motors, optimal torque input allocation is 

required. The input allocation will be done using the concept of muscle synergies and MPC. 

Muscle synergies reduce the problem of actuator redundancy in a hybrid neuroporthesis by 

allocating inputs to all available actuators. This also reduces the input computational burden by 

reducing the total number of inputs into fewer ones. 

2.3 Dynamic Postural Muscle Synergies 

The general idea behind muscle synergies is to mitigate actuator redundancy by 

transforming high-dimensional complex movements into simpler ones such that motion planning 

control can be implemented at a low-dimensional one [3]. It was observed that a small number of 

muscle synergies demonstrated the ability to capture numerous muscle activities across various 

movements such as posture control and hand manipulations. Synergies are generally found by 

using statistical analysis on of collected electromyography data from multiple muscles during 

complex movements. Other methods utilized dimensionality reduction techniques such as non-

negative matrix factorization (NMF), singular value decomposition (SVD) or principal component 

analysis (PCA) to transform the high-dimensional complex system into a low-dimensional one [2]. 
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The concept of muscle synergies has been studied by researches to produce complex movements 

such as human locomotion in [2,38]. There are reports of drawbacks when using dimensionality 

reduction to extract synergies, specifically PCA. The main one was getting a very complex such 

as negative synergy values for stimulation which is always positive. The other drawback is conflict 

in stimulation or co-activation of antagonistic muscles which can greatly affect the motion if one 

muscle is susceptible to stimulation than the other. Therefore, a new way of computing synergies 

was found. This new way is inspired by a study by Bajd et al [7] where rudimentary gait of SCI 

subject was produced by segmenting the gait into a withdrawal reflex and knee extension. This 

meant that two synergies could be artificially computed where the first synergy produces the 

withdrawal reflex of the hip and knee, and the second synergy produces the knee extension that 

ultimately results in recreating the swing phase of the swing leg. The user can use his upper body 

to propel forward until the swing foot reaches a ground to complete a step. This approach was 

done by computing artificial dynamic postural synergies. The postural synergies allocate the input 

effort to a set of chosen actuators that result in the withdrawal reflex and knee extension then 

dynamic optimizations were used to find the optimal synergy activations that produce the desired 

gait.  

In [2], lower-limb functions were recreated using artificial synergies called dynamic 

postural synergies that drive the system to key dynamic postures which are withdrawal reflex and 

knee extension when activated. Two sets of optimizations were used in which the first one 

computes postural synergies required to produce the desired postures. The second set of 

optimization computes the optimal synergy activation coefficients to produce either a half step or 

a full step. Simulation and experimental results have shown the ability to successfully create gait 

using the hybrid neuroprosthesis. 
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This thesis adapts the dynamic postural synergy work of [2] to enable it for variable step 

walking. The activation coefficients will rely on the MPC for optimal allocation that result in the 

withdrawal reflex and knee extension to complete a gait.  

2.4 Review of Model Predictive Control (MPC) 

Model Predictive Control (MPC) which is also called Receding Horizon Control is a 

flexible procedure which uses optimal control that implements feedback in searching for a solution 

in a feasible set [28]. The idea of a MPC is to control a plant by predicting the behavior of future 

outputs given a nominal model of a plant. The optimal control part solves for control inputs that 

would minimize a cost consisting of tracking error as well as minimizing the inputs used over a 

pre-set short time horizon called the prediction horizon. When the optimal control inputs of that 

prediction horizon are found, an MPC takes only the first solved control input and the rest of the 

control values are disregarded. The prediction horizon is then receded and a new control 

optimization problem is solved for the next time step which strictly uses the previous input value 

as an initial guess for the current time step. This optimization technique is then repeated for every 

sampling time step, giving it the name Receding Horizon scheme. Figure 2 shows the block 

diagram of the MPC scheme. Figure 3 illustrates the overall relationship between the past closed-

loop inputs and measured closed-loop states. It also shows the relationship between predicted 

control input and predicted output states over the prediction horizon and how that prediction 

horizon moves with each new time step. 

One of the major challenges that face MPC is the stability. The stability of the MPC is 

usually addressed by either terminal state constraint or cost, in which the terminal state constraint 
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could cause infeasibility in the solution if both the terminal state constraint and input constraint 

contradict. The terminal state cost can approximately satisfy the stability condition by imposing 

weights on the terminal state cost function. The performance of the MPC is sensitive to error 

between the model and real plant and the bigger the error the more susceptible the MPC is to 

underperform or cause system instability [19,31].  

 

Figure 2: Block diagram of a general Model Predictive Controller [32]. 
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Figure 3: MPC scheme that shows the relationship between different inputs/outputs over the prediction 

horizon of an MPC [1] 
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3.0 Musculoskeletal Model of The Hybrid Neuroprosthesis 

The 4-DOF hybrid neuroprosthesis models a person walking wearing a hybrid 

neuroprosthesis while relying on an assistive device such as a walker or crutches. Figure 4 

represents the 4-link model which is used for modeling a hybrid neuroprosthesis with a walker that 

actuates through both electric motors and FES through surface electrodes. The stance leg is 

modeled as rigid link which demonstrates the locking of the knee joint and the ankle is fixed to the 

ground since only half a gait cycle is considered. The knee joint locking is proved to reduce the 

amount of electric stimulation needed during walking to keep the knee joint locked and thus 

decreasing muscle fatigue and extends walking durations [38]. The swing leg consists of 3 links: 

a thigh, shank and a foot segment in which only hip and knee actuation are considered. The knee 

joint is actuated by both electric motors and FES for flexion and extension of the antagonistic 

muscle pairs. The hip and ankle joints also use 3 actuators as the knee joint consisting of both FES 

for flexion and extension as well as motor. The trunk dynamics were neglected in the model 

because the use of a walker helps to stabilize the user during walking. The walker is considered as 

a moment around the stance leg to help propel the body forward and also keeping it upright. The 

model is given as:  

 

 𝑀(𝑞)�̈� + 𝐶(𝑞, �̇�)�̇� + 𝐺(𝑞) + 𝑓(𝑞, �̇�) + Г𝑑(𝑡) + Г𝑒𝑥𝑡(𝑡) = Г (3.1) 

 

where 𝑞, �̇�, �̈� ∈ ℝ4 are the angular positions, velocities and accelerations of the model joints, 

respectively. In 3.1, 𝑀(𝑞) ∈ ℝ4x4 is the combined inertia of the hybrid neuroprosthesis and human 

limbs, 𝐶(𝑞, �̇�) ∈ ℝ4x4 is the Coriolis matrix, 𝐺(𝑞) ∈ ℝ4 is the gravity vector 𝑓(𝑞, �̇�) ∈ ℝ4 is the 
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viscoelastic term that is used to model passive muscle dynamics, Г𝑒𝑥𝑡 ∈ ℝ4 is used to model the 

torques at each joint as a result of ground contact and Г𝑑 ∈ ℝ4 is any unmodeled disturbances in 

the system. Joints are actuated by attaching electric motors, dynamics to FES and the moment 

produced by the walker force. The overall torque term is defined as  

𝜏 = 𝑏(𝑞, �̇�)𝑢 (3.2) 

 

where 𝑏 ∈ ℝ𝑛x𝑚 is the control gain matrix that contains scaling functions for all the m inputs.  

𝑢(𝑡) ∈ ℝ𝑚 is defined as  

𝑢 = [   𝑀𝑤   𝜇ℎ𝑓𝑥
   𝜇ℎ𝑒𝑥

   𝜇𝑘𝑓𝑥
   𝜇𝑘𝑒𝑥

   𝜇𝑎𝑓𝑥
   𝜇𝑎𝑒𝑥

   𝑇ℎ   𝑇𝑘   𝑇𝑎   ]
𝑇

, 
(3.3) 

 

and the control matrix 𝑏(𝑞, �̇�) is defined as  

𝑏 =  

[
 
 
 
 
 
 
 
 
 
 
 
1 0 0 0
0 𝜓ℎ𝑓𝑥

(𝑞ℎ, �̇�ℎ) 0 0

0 −𝜓ℎ𝑒𝑥
(𝑞ℎ, �̇�ℎ) 0 0

0 0 𝜓𝑘𝑓𝑥
(𝑞ℎ, �̇�ℎ) 0

0 0 −𝜓𝑘𝑒𝑥
(𝑞ℎ, �̇�ℎ) 0

0 0 0 𝜓𝑎𝑓𝑥
(𝑞ℎ, �̇�ℎ)

0 0 0 −𝜓𝑎𝑒𝑥
(𝑞ℎ, �̇�ℎ)

0 𝑘ℎ 0 0
0 0 𝑘𝑘 0
0 0 0 𝑘𝑎 ]

 
 
 
 
 
 
 
 
 
 
 
𝑇

, 

 

 

(3.4) 

 

subscripts h, k and a stand for hip, knee and ankle joints of the swing leg. 𝜇𝑓𝑥, 𝜇𝑒𝑥 are the muscle 

activations and 𝜓𝑓𝑥, 𝜓𝑒𝑥 are the torque-length and torque-velocity relationships of the flexor and 

extensor muscles, and 𝑇 is the current input to the motors and they are converted to torques using 

the conversion factors of the electric motors which are denoted 𝑘. In this thesis, only 7 out of inputs 
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of the model is used to actuate the 4-link hybrid model. Ankle actuation due to both FES and 

electric motor will be disregarded to reflect the actual neuroprosthesis test bed which only has FES 

and electric motor on both hip and ankle joints. Hip joint actuation due to FES is done by 

stimulating the inner hip muscles (Iliopsoas) and the Gluteal for flexion and extension respectively. 

Knee joint actuation due to FES is done by stimulating the Quadriceps and Hamstrings for 

extension and flexion respectively. The torque-length and torque-velocity relationships are defined 

as  

 

𝜓𝑖𝑗 
= (𝑐0𝑖𝑗

+ 𝑐0𝑖𝑗
𝑞𝑖 + 𝑐0𝑖𝑗

𝑞𝑖
2)(1 + 𝑐0𝑖𝑗

�̇�𝑖) (3.5) 

 

where 𝑐𝑖𝑗
∈  ℝ are subject specific muscle parameters where 𝑗 stand flexion or extension and 𝑖 

resembles the 𝑖th link or joint. More information on the hybrid walking model can be found in [2]. 

The 4-link model was developed in SimMechanics [MathWorks, USA]. The head, arms 

and torso are modeled as a single point mass located at the hip. The 4-links consist of single link 

which represents the stance leg that includes a locked knee and actuation occurs at the stance ankle. 

The other 3 links are the thighs, shanks and foot that model the swing leg with each link actuated 

by both FES and electric motors. Lengths, masses of each limb were taken from anthropometric 

data [36], and SCI muscle parameters were taken from [12,37]. Ground reaction force model uses 

spring-damper system to model the impact of both ground impact contact points, namely the toe 

and the heel. More information on the ground reaction model is found in [15].  
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Figure 4: The 4-link Hybrid Walking Model. The model is based around a subject using a walker while using 

the exoskelton. Each joint of the swing leg has 3 different actuators that are results of electric motors and FES 

of both antagonistic muscle pairs which result in 9 different inputs. The final inputs is a walker moment that 

acts on the stance leg. Finally, the step length is the distance between the stance toe to active toe.  
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4.0 Dynamic Movement Primitives (DMPs) 

In this chapter, DMP system formulation is presented to address spatial and temporal 

scaling of trajectories. The relationship between two key joints that relate the step length with 

initial and terminal joint states is utilized to find the required joint trajectories that result in a 

specific step length. DMP is then utilized to temporally and spatially scale imitated trajectory to 

various step speeds and step lengths.  

4.1 Dynamic Movement Primitive System Formulation 

The general idea of DMPs is to use an analytically well-understood dynamical system with 

suitable stability properties and couple it with nonlinear terms such that it achieves a desired 

attractor behavior [22]. The choice of the dynamical system will be the simple damped spring 

model:  

𝜏�̈� =  𝛼𝑧(𝛽𝑧(𝑔 − 𝑦) − �̇�) + 𝑓 (4.1) 

 

where 𝑦, �̇� and �̈� are desired position, velocity and acceleration of the system. 𝜏 is a temporal 

scaling constant and 𝛼𝑧 and 𝛽𝑧 are positive constants which are chosen such that the system is 

critically damped (𝛽𝑧 = 𝛼𝑧/4) for 𝑦 to monotonically converge to the goal 𝑔. 𝑓 is called a forcing 

function which is nonlinear function that can be learned to generate complex movements. The 

function 𝑓 is used to force the system into a desired nonlinear behavior. Thus, equation 4.1 is called 

the transformation system [20]. 
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The forcing function 𝑓 is defined as: 

 

𝑓 =
∑ 𝜓𝑖(𝑥)𝑁

𝑖=1 𝜔𝑖

∑ 𝜓𝑖(𝑥)𝑁
𝑖=1

𝑥(𝑔 − 𝑦0) 

 

(4.2) 

where 𝜓𝑖(𝑥) are fixed basis functions defined as 𝜓𝑖(𝑥) = 𝑒𝑥𝑝  (−ℎ𝑖(𝑥 − 𝑐𝑖)
2)  with centers 𝑐𝑖 

and widths ℎ𝑖 and initial state 𝑦0. 𝑁 represents the numbers of exponential basic functions and 𝜔𝑖 

are adjustable weights. The forcing function 𝑓 has an indirect relationship with time, instead it 

depends on a phase variable 𝑥 which is defined as:  

𝜏�̇� =  𝛼𝑥𝑥 (4.3) 

where 𝛼𝑥 is a positive constant. Starting from some randomly chosen initial state (𝑥0 = 1), the 

phase variable converges monotonically to zero (𝑥 = 0) which means that the goal 𝑔 has been 

reached. Equation 4.3 is called the canonical system because it models the generic behavior of a 

point attractor. Figure 5 shows the behavior of the canonical system starting from the initial state 

and how it converges to zero when the goal is reached with a time step of 0.001s and 𝛼𝑥 set to 6. 

It is worth to note that the canonical system’s execution time can be altered by changing the 

temporal constant 𝜏 which can be used to associate the transformation system with time. 
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Figure 5: Behaviour of the canonical system over time. The system value of 0 means that the goal has been 

reached 

      In order to learn a movement from demonstration, the weights 𝜔𝑖 are adapted by four 

steps: (1) a movement 𝑦𝑑𝑒𝑚𝑜(𝑡) is recorded alongside its derivatives �̇�𝑑𝑒𝑚𝑜(𝑡) and �̈�𝑑𝑒𝑚𝑜(𝑡) are 

computed for each time step. (2) The canonical system (Eq. 4.3) is integrated for an appropriate 

temporal scaling factor 𝜏. (3) The  𝑓𝑑𝑒𝑚𝑜(𝑡) is computed using equation 4.1. to get the following:  

 

𝑓𝑑𝑒𝑚𝑜(𝑡) = 𝜏�̈� − 𝛼𝑧(𝛽𝑧(𝑔 − 𝑦) − 𝜏�̇�) (4.4) 

 

where 𝛼𝑧 and 𝛽𝑧  are chosen such that the system is critically damped, and 𝜏 can be less than 1 for 

slower walker or greater than 1 for faster walking. (4) Finally, using 𝑓𝑑𝑒𝑚𝑜(𝑡) we can find the 

weights 𝜔𝑖 are found by minimizing the locally weighted quadratic error criterion 

𝐽𝑖 = ∑(𝑓𝑑𝑒𝑚𝑜(𝑥) − 𝜔𝑖𝜀𝑖(𝑡))
2 

(4.5) 
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where 𝜀(𝑡) = 𝑥(𝑡)(𝑔 − 𝑦0). Equation 4.5 is solved by using linear weighted regression (LWR) 

[22]. The solution is in the form of  

𝜔𝑖 = 
𝑠𝑇Г𝑖𝑓𝑡𝑎𝑟𝑔𝑒𝑡

𝑠𝑇Г𝑖𝑠
 

(4.6) 

 

where the values in the equation are defined as  

𝑠 = ( 

𝜀(1)

𝜀(2)
…

𝜀(𝑃)

)   Г𝑖 = ( 

𝜓𝑖(1) 0 0 0
0 𝜓𝑖(2) 0 0
0 0 … 0
0 0 0 𝜓𝑖(𝑃)

)   𝑓𝑡𝑎𝑟𝑔𝑒𝑡 =

(

  

𝑓𝑡𝑎𝑟𝑔𝑒𝑡(1)

𝑓𝑡𝑎𝑟𝑔𝑒𝑡(2)
…

𝑓𝑡𝑎𝑟𝑔𝑒𝑡(𝑃))

 . 

 

(4.7) 

 

The values 𝜀(𝑡), 𝜓𝑖(𝑡) and 𝑓𝑡𝑎𝑟𝑔𝑒𝑡(𝑡) were previously defined in section 4.1. 

4.2 Dynamic Movement Primitive Results 

4.2.1 Trajectory Spatial Scaling for Different Step Lengths 

Original imitation data used in this thesis were taken from [2] for a 0.4m step length. These 

trajectories were found using subject specific dynamic optimizations for a person who is 1.8m tall 

and weighs 86.18kg. Typically, most applications of DMPs use imitation trajectories of an end-

effector and translate them to target joint angles using inverse kinematic algorithms. However, in 

this thesis it is possible to find initial and terminal states of two key joints, the stance ankle and 

hip joints, which describe a step based on their initial and terminal states. In Figure 6, we can see 
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how the step length defines the initial and terminal states of the stance ankle and hip joints using 

the relationship: 

𝛼 = 𝜃 ℎ𝑖𝑝 = asin (
𝑆

2 ∗ 𝐿
) 

(4.8) 

 

and  

 𝜃0
ℎ𝑖𝑝 = −𝛼       𝜃𝑓

ℎ𝑖𝑝 = 𝛼 

  𝜃0
𝑠𝑎 =    𝛼       𝜃𝑓

𝑠𝑎 = −𝛼 

(4.9) 

 

where 𝑆 ∈  ℝ is the step length, 𝐿 ∈  ℝ is the length of the leg segment, 𝛼 ∈  ℝ  is the angle 

between the vertical and the hip joint. 𝜃 𝑠𝑎 refers to the stance ankle joint with respect to the 

vertical as well. Therefore, in the beginning of a step, 𝜃 𝑠𝑎 starts with 𝛼 and ends with −𝛼 whereas 

𝜃 ℎ𝑖𝑝 starts with 𝛼 and ends with −𝛼. When using DMP if the step length changes to a new goal 

𝑞𝑔𝑜𝑎𝑙
𝑛𝑒𝑤  then an offset equal to the current goal state 𝑞𝑔𝑜𝑎𝑙

𝑐𝑢𝑟𝑟𝑒𝑛𝑡 is added by using the difference 

between them 

𝑞𝑔𝑜𝑎𝑙
𝑜𝑓𝑓𝑠𝑒𝑡

=  𝑞𝑔𝑜𝑎𝑙
𝑛𝑒𝑤 − 𝑞𝑔𝑜𝑎𝑙

𝑐𝑢𝑟𝑟𝑒𝑛𝑡 (4.10) 

and the same method applies for changing the initial state 

𝑞𝑖𝑛𝑖𝑡𝑖𝑎𝑙
𝑜𝑓𝑓𝑠𝑒𝑡

=  𝑞𝑖𝑛𝑖𝑡𝑖𝑎𝑙
𝑛𝑒𝑤 − 𝑞𝑖𝑛𝑖𝑡𝑖𝑎𝑙

𝑐𝑢𝑟𝑟𝑒𝑛𝑡 (4.11) 
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Figure 6: Illustration of the relationship between the step length and the hip angle relative to the vertical 

 

The original step length (0.4m) was scaled to various lengths ranging from 0.3m to 0.5m 

in 0.05m increments. The step duration of 1.5s is separated to 1s of swing duration and another 

0.5s for double support phase. Figure 7 shows the step length scaling results of the stance ankle 

joints for a fixed initial position but varying terminal states. The constant 𝛼𝑧was set to 400 during 

all computations of the different step lengths which automatically sets 𝛽𝑧 to 100 to ensure a 

critically damped behavior of the DMP. Figure 7 shows how the well the profile of the original 

trajectory is conserved but with reaching different terminal constraints. Figure 8 shows the DMP 

scaling results for the hip joint trajectory using the same initial state and terminal state increments 

as the stance ankle joint. In the hip joint scaling with increased or decreased step length, the peak 

in which the hip joint reaches increase by increasing step length ranging from 70° for a 0.5m step 

length to 52° for a 0.3m step length. Also, the heel strike timing at 0.8s of all the scaled trajectories 

coincide with the actual trajectory which is a way to evaluate the temporal behavior of the events 
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of the trajectory. Figure 9 and Figure 10 show results DMP results with scaling the initial state of 

the step while keeping the terminal constraint constant at 0.4m. The stance ankle joint starts with 

a backward tilt due to the fact that ankle actuation does not exist. Including an ankle push off 

would eliminate the tilt by adding an extra postural synergy that accounts for it. More details about 

synergies will be explained in the next chapter.  

 

 

Figure 7: DMP results of spatially scaling the stance ankle joint to different terminal states 
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Figure 8: DMP results of spatially scaling the stance hip joint to different initial states 

 

 

Figure 9: DMP results of spatially scaling the swing hip joint to different terminal states 
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Figure 10: DMP results of spatially scaling the swing hip joint to different initial states 
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Figure 11 and Figure 12 briefly demonstrate the spatial scaling of both initial and terminal 

constraints. The trajectories were added and decreased an offset of 0.1m in the initial and terminal 

states. An application of such result would be implemented if the exoskeleton user wishes to take 

for example a half gait cycle of 0.3m step followed by a 0.5m step to complete the full gait cycle, 

but the step length could be generalized by adding any amount of offset to the initial and terminal 

states.  

 

Figure 11: Spatial scaling of the initial and terminal state of the stance ankle joint 
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Figure 12: : Spatial scaling of the initial and terminal state of the actvie hip joint 

4.2.2 Trajectory Temporal Scaling 

Another interesting feature when using DMP is the ability to temporally scale an imitated 

trajectory, giving the use the ability to compute slower or faster trajectories by manipulating the 

temporal scaling constant 𝜏 in transformation system equations such that  

�̇� =  𝜏�̈� 

𝑦 =  𝜏�̇� 

𝑥 =  𝜏�̇� 

 

(4.12) 

Figure 13 shows the effect of temporal scaling on the stance ankle trajectory for a 0.4m 

step. 𝜏 ranges from 0.9 to 1.2 where a 𝜏 value of 1 means that no scaling occurs and depending on 

the formulation in the previous section decreasing 𝜏 will decrease the trajectory speed and the 
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opposite happens when 𝜏 is decreased. The peaks and lows of the original trajectory are unchanged 

which means that topological equivalence of the trajectories is ensured.  

 

Figure 13: Temporal scaling example on the stance ankle trajectory. 𝝉 ranges from 0.9 to 1.2 
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5.0 Optimal Allocation of Torque Inputs for Spatially Scaled Trajectories  

In this chapter, dynamic postural synergies are adapted for optimal input allocation. Two 

postural synergies are found that eventually result in a gait. The first synergy produces the 

withdrawal reflex (flexing of the hip and knee) when activated and the second synergy produces 

the knee extension while maintaining the hip at a flexion position. An MPC is then used to 

optimally compute the synergy activations that drive the system to these postures.  

5.1 Dynamic Postural Muscle Synergies Computation 

Inverse static optimizations were used to find the required postural synergies (W) using 

FES and electric motors. Two optimizations were done to compute two synergies W =[𝑤1
𝑇 𝑤2

𝑇]𝑇 

that distribute the effort to the six inputs 𝜇 = 𝑤𝑖(𝑖 = 1,2) [2]. The muscle parameters used were 

taken from [37] for an able-bodied subject. The desired joint angles were taken from [2]. These 

optimizations seek to distribute the actuator effort among the six actuators which are hip and knee 

flexors and extensors and electric motors on both joints. These optimizations define a priori cost 

function with an objective to minimize the dynamic posture’s position error and minimize the 

activation states of the system, defined by 

 

  𝛱 = ∫(𝐸(𝑡)𝑇𝑄

𝑡𝑓

𝑡0

𝑤𝑖   
𝑚𝑖𝑛 𝐸(𝑡) + (𝜇(𝑡)𝑇𝑅𝜇(𝑡)) 

 

(5.1) 

subject to: 

  𝑀(𝑞)�̈� + 𝐶(𝑞, �̇�)�̇� + 𝐺(𝑞) + 𝑓(𝑞, �̇�) =  𝑏(𝑞, �̇�)𝜇 − Г𝑒𝑥𝑡 
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𝜇 ∈ [𝜇𝑢, 𝜇𝑙] 

 

where the angular position error is defined as  𝐸 = 𝑞𝑑 − 𝑞 and 𝑞𝑑 is the joint positions for the 

desired dynamic posture. 𝑄 ∈ ℝ3x3 and 𝑅 ∈ ℝ6x6 are positive-definite weight matrices on the 

position tracking error and activation states respectively, and the lower and upper bound on the 

inputs are defined as 𝜇𝑙 and 𝜇𝑢 ∈ ℝ6. These optimizations were done using MATLAB’s fmincon 

function (MathWorks, Inc). The results of these optimizations are shown in Figure 14 where 𝑇ℎ𝑚,

𝑇𝑘𝑚 stand for hip motor torque and knee motor torque respectively, 𝑢 stands for normalized 

stimulation of the muscle and subscripts ℎ𝑒, ℎ𝑓, 𝑘𝑒 and  𝑘𝑓 stand for hip extension, hip flexion, 

knee extension and knee flexion respectively. The first dynamic postural synergy (𝑤1) activates 

the hip flexor and hip motor to extend the knee. It also activates the knee motor with knee flexor 

to produce the withdrawal reflex. The second dynamic postural synergy (𝑤2) activates the hip 

motor and flexor to produce a smaller moment at the hip to keep it steady and activates the knee 

extensor to fully extend the knee. It is worthy to note that co-activation of muscle pairs is not 

present in the case of using dynamic postural synergy since the optimizer gives complete control 

in setting bounds on the inputs to yield favorable results.  
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Figure 14: Left: Dynamic postural synergies. On the right: the postures (withdrawal reflex and knee 

extension) that are created when the synergies activate 
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5.2 Model Predictive Control for Trajectory Tracking 

In this section, MPC will be used for optimal toque input allocation between FES and 

electric motors. The choice of MPC generally comes from its ability to explicitly incorporate 

constraints and its simplicity to formulate as a constrained optimization. This feature is mainly 

required in the trajectory tracking problem for variable step lengths. MPC can be generally applied 

to nonlinear multi-input multi-output (MIMO) systems which is crucial for the case of the hybrid 

neuroporsthesis model that uses both FES and electric motor. More importantly, MPC can be 

further adapted in real-time settings for future walking experiments.  

5.2.1 MPC Formulation 

The nominal system dynamics can be expressed as the following 

�̇̅�(𝑘 + 1) = 𝑓(�̅�(𝑘), 𝑢(𝑘)) (5.2) 

The optimal control problem is expressed as the following  

  𝐽𝑁(�̅�, 𝑢)𝑀𝑤,𝑐1,𝑐2   
𝑚𝑖𝑛 = ∑ 𝐿(�̅�𝑢(𝑘), 𝑢(𝑘))

𝑁−1

𝑘=0

 

(5.3) 

Subject to: 

�̅�𝑢(𝑘 + 1) = 𝑓(�̅�𝑢(𝑘), 𝑢(𝑘)), (5.4) 

�̅�𝑢(0) =  𝑥0, (5.5) 

𝑢(𝑘) ∈ [𝑢𝑢, 𝑢𝑙] ∀ 𝑘 ∈ [0, 𝑁 − 1], (5.6) 

�̅�𝑢(𝑘) = 𝑋 ∀ 𝑘 ∈ [0, 𝑁] (5.7) 
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The state vector is defined as 𝑥 = [𝑞𝑠𝑎, 𝑞𝑠ℎ, 𝑞𝑠𝑘]𝑇, where 𝑞𝑠𝑎, 𝑞𝑠ℎ, 𝑞𝑠𝑘 stand for the 

stance ankle, swing hip and swing knee angular positions respectively. 

The optimization problems seek to find optimal inputs 𝑢(𝑘) over the discrete time horizon 

[𝑘0, 𝑘0 + 𝑁 − 1] by minimizing the cost function 𝐽𝑁(�̅�, 𝑢)  ∈  ℝ+ while making sure that the 

constraints are satisfied. The running (stage) cost 𝐿(�̅�𝑢(𝑘), 𝑢(𝑘))  ∈  ℝ+ is defined by the error 

summation of the squares: 

 

𝐿(𝑥, 𝑢) =  𝐸𝑇𝑄𝐸 +  𝑢𝑇𝑅𝑢 (5.8) 

  

Where 𝐸 = 𝑥 − 𝑥𝑟𝑒𝑓 ∈ ℝ3𝑥𝑁 denotes the angular position error of the joint angles, 𝑥 ∈ ℝ3𝑥𝑁 

denotes the angular position of the joint angles and 𝒙𝑟𝑒𝑓 ∈ ℝ3𝑥𝑁 is vector containing the desired 

angular trajectories for tracking. 𝑢(𝑘) ∈ ℝ3𝑥𝑁 denotes the inputs to the system which are the 

walker moment synergy activations required to track the system to desired states, 𝑢𝑢, 𝑢𝑙 ∈  ℝ3 are 

upper and lower bounds on synergy activations and walker moment, 𝑄 ∈ ℝ3𝑥3 is a positive-

definite weight matrix for the angular position error, and 𝑅 ∈ ℝ3𝑥3 is a positive-definite weight 

matrix for the synergy activation. The synergy activations (𝑐1 and 𝑐2)  were mapped to model 

inputs using 𝜇 = 𝑊𝑐 to obtain the motor torques and muscle activations. Figure 15 shows a 

flowchart that illustrates the structure of the overall algorithm using DMPs, dynamic postural 

synergies and MPC. Only the MPC is done on-line whereas scaled trajectories and dynamic 

postural synergies are computed before reaching the MPC step.  
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Figure 15: Flowchart of the overall algorithm structure 
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5.2.2 MPC Trajectory Tracking Simulation Results 

Simulations were performed in SimMechanics [MathWorks, USA] where the model exists. 

The MPC was developed in MATLAB. The optimal solution was found using fmincon’s 

sequential quadratic programming (SQP) option. Different prediction horizons were tested and it 

was found that using a prediction horizon of 0.3s was suitable to account for good tracking 

performance and less computational time for optimal inputs. The upper and lower bounds on the 

electric motor torques was set to be 50 Nm amd -50 Nm. FES was bounded between a minimum 

value of 0 and a maximum value of 1 since it is normalized. The duration of a half gait cycle is 

1.5s where the swing phase accounts for 1s and the double support phase (DSP) is 0.5s long.  

The performance of MPC is shown in the simulation results. The MPC was able to track 

numerous trajectories for different step lengths that were found using DMPs in chapter 4. The 

initial condition for the joint angles replicates an SCI subject who is standing up-right and recently 

completed a 0.4m step. The goal is for the subject is to take walk shorter or longer steps from that 

position. Therefore, the target step lengths will range from 0.3m to 0.5m using 0.05m increments. 

The first synergy (𝑐1) contains activation coefficients that produces the withdrawal reflex and the 

second synergy (𝑐2) contains activation coefficients that produces the knee extension. As shown 

in the synergy activation coefficients the controller tries to allocate either less or more activation 

coefficients to ensure the stance ankle and swing hip track their desired trajectories. It also shows 

on the first column of (a) of the results the essence of muscle synergies where input allocation 

remains unchanged in the dynamic postural synergies and the controller only solves for the 

activation coefficients which synchronously activates different actuators to achieve the desired 

step. From Figures 16-20 we can see that the synergy activation profiles remain consistent in which 

co-activation of muscle pairs is nearly avoided. The swing ankle is left to passively actuate during 
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a swing without external inputs. With the posture segmentation into withdrawal reflex and knee 

extension the ankle will always be in a position where it will land on a heel-strike basis which is a 

desired landing posture. In Figures 16-20 we can see that the swing knee angular position is always 

constant over the different simulations. This is due to using postural synergies (W) where the 

withdrawal reflex of the knee forces to a specific posture over time which is not scaled. The swing 

hip flexion however depends on the synergy activation to follow the desired trajectory where 

shorter steps are associated a lower peak in the hip trajectory and longer steps have higher peaks 

as discussed in the DMP results in section 4.2.1. Also, Figures 16-20 presents the RMSE error of 

the desired and simulated end joint angles to estimate over the total duration of the step. The 

average RMSE of the stance ankle, swing hip and swing knee joints are 0.81°, 1.45° and 1.29° 

respectively. The reason why difference between the errors from one step length to another is 

highly dependent on the controller that tries to track the trajectories while also minimizing the 

synergy activation coefficients. Also, from Figures 16-20 we can also observe the terminal state 

errors for all joints are low which indicates a good tracking performance of MPC. Finally, at the 

beginning of a step the stance leg tilts backwards which is due to no ankle actuation that produces 

push off. Ankle push off would have its own dynamic postural synergy. 

Table 1: Root Mean Square (RMS) Error of the tracked trajectory for the 3 joints 

Root Mean Square (RMS) Error (deg) 

Step Length (m) Stance Ankle Joint Swing Hip Joint Swing knee Joint 

0.30 0.43 1.09 1.18 

0.35 0.60 1.20 1.37 

0.40 0.81 1.25 0.62 

0.45 1.18 1.91 1.71 

0.50 1.05 1.79 1.56 

Average RMSE  0.81 1.45 1.29 
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Figure 16: MPC simulation result for a 0.3m step. (a) Postural synergy and their activation. (b) FES and 

motor inputs. (c) Desired and produced joint trajectories. (d) gait sequence of the simulation 
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Figure 17: MPC simulation result for a 0.35m step. (a) Postural synergy and their activation. (b) FES and motor 

inputs. (c) Desired and produced joint trajectories. (d) gait sequence of the simulation 
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Figure 18: MPC simulation result for a 0.4m step. (a) Postural synergy and their activation. (b) FES and motor 

inputs. (c) Desired and produced joint trajectories. (d) gait sequence of the simulation 
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Figure 19: MPC simulation result for a 0.45m step. (a) Postural synergy and their activation. (b) FES and motor 

inputs. (c) Desired and produced joint trajectories. (d) gait sequence of the simulation 
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Figure 20: MPC simulation result for a 0.5m step. (a) Postural synergy and their activation. (b) FES and motor 

inputs. (c) Desired and produced joint trajectories. (d) gait sequence of the simulation 
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6.0 Conclusion and Future Work 

This thesis presents a new variable step motion planning algorithm and a gait controller for 

a hybrid neuroprosthesis. The algorithm utilizes DMPs to imitate dynamically optimal trajectories 

and scale them to fit different step lengths. Then with the help of artificial dynamic postural 

synergies, an MPC formulated and used to compute optimal inputs to drive the system to desired 

states while respecting inputs bounds.  

The DMP framework showed its performance in accurately scaling imitated trajectories 

both spatially and temporally. It was shown that by scaling either the initial or terminal joint angle 

states of the stance ankle and swing hip joints, joint trajectories for a new step length can be 

computed. An example of when initial state scaling is adapted is reflected by a user who walked a 

0.3m step and therefore the joint initial conditions of the model for the next step have to match the 

joint terminal states of the 0.3m step. Also, DMPs have shown their ability in temporally scaling 

the imitated trajectory for slower or faster walking speeds by manipulating the time constant 𝜏.  

The concept of muscle synergies is implemented to address the problem of actuator 

redundancy in the hybrid exoskeleton that combines both FES and electric motors. Instead of using 

reduced order model techniques such as PCA to extract synergies, they were artificially computed 

by first finding dynamic postural synergies for two key postures: the withdrawal reflex and knee 

extension. The dynamic postural synergies distributed the control effort among all available 

actuators from both electric motors and FES.  

An MPC was used to optimally compute the synergy activation coefficients that drive the 

system to the desired postures based on different step lengths. Simulations were performed in 

MATLAB SimMechanics. The results indicate a good tracking performance of the MPC. The 
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RMSE between the desired and current joint angles during the gait cycle averaged 0.81°, 1.45° and 

1.29° for stance ankle, swing hip and swing knee joints respectively. Using the dynamic postural 

synergies, it was also possible to minimize co-activation between antagonistic muscle pairs. The 

magnitude of the system inputs increases by increasing the step length because scaling for bigger 

step lengths mean that joint angle peaks increase.  

Even though the MPC performed well in trajectory tracking, there are some areas where 

future work may need to address. The knee extensor always saturated at 1 for around 0.5s during 

a step which is considered high for this duration. The knee motor torque also saturated at 50Nm 

for step lengths 0.4m-0.5m. These saturations occur in response to the dynamic postural synergies 

that were initially computed to fully flex the knee joint at 90deg and fully extend the knee to 0deg. 

Postural synergies can be changed to lower the maximum flexion point such that not a lot of 

extension is needed for the knee joint. A method that could probably mitigate input magnitudes is 

by adding ankle push off to the synergy formulation. Ankle push off would have its own postural 

synergy and activating it might reduce the burden on the hip and knee flexors as well as the electric 

motors to produce withdrawal reflex by giving the swing leg an initial angular velocity. 
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