
  

  

Abstract— The optimal neuroprosthetic control paradigm 

seeks to minimize the differences between artificial and natural 

physiology regarding subjective embodiment and dynamic 

performance. This study introduces a volitional control system 

integrating an electromyography (EMG)-driven musculoskeletal 

model with a finite state machine (FSM) impedance controller. A 

Hill-type muscle model is used to simulate the Gastrocnemius 

(GAS) and Tibialis Anterior (TA) muscles around the ankle joint. 

The system activates these muscles using input from ankle 

sensors and EMG data from antagonist muscles. To improve 

functionality and responsiveness, muscle parameters are 

optimized using a surrogate-based optimization approach. The 

impact of EMG control on a hybrid controller was analyzed, 

focusing on muscle activation during the stance phase. Two 

controllers were tested on a transtibial amputee for level-ground 

walking and stair ascent. Insights were gained into optimizing 

muscle activation for better gait dynamics. The model-based 

design technique was employed to automate validation, 

verification, and coding, reducing manual steps and errors. For 

level-ground walking, both hybrid controllers behaved more like 

an impedance controller than an EMG control. Disabling EMG 

control during plantarflexion with controller 1 prevented 

excessive plantarflexion, leading to a more natural gait. 

Controller 1, which used the TA muscle exclusively during 

controlled dorsiflexion, demonstrated greater repeatability. 

During stair ascent, both controllers allowed the user to place 

their toe first at each step, closely mimicking a natural gait 

pattern. Controller 2 exhibited better repeatability and slightly 

higher torque at the start of the controlled dorsiflexion phase, 

simplifying the control strategy and reducing computational 

effort. 

I. INTRODUCTION 

People's quality of life is negatively impacted by lower 
limb amputation since it affects their ability to 
perform functional tasks [1], [2]. Passive prosthetics, which are 
incapable of restoring a significant portion of the joint's 
biological function, are prescribed to these individuals [3]. 
Powered prostheses are being developed to overcome this 
issue by aiming to be lightweight and produce torque and 
power comparable to those of an able-bodied joint [4-6].  

These devices frequently use a finite state machine (FSM) 
controller, which divides the task into different states. When 
the user is in a state defined by the device, it usually provides 
torque or simulates impedance. These controllers are 
autonomous, which means that their control algorithm does not 
include any human input [7-11]. 
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Electromyography (EMG) control has gained popularity 
recently as an approach to achieving lower limb prosthesis 
voluntary control [12], [13]. Incorporating human intent into 
these controllers enables amputees to voluntarily engage in 
varied activities and adjust their prosthetic mechanics to 
accommodate different terrains or unexpected obstacles. 
Moreover, Direct EMG control continually correlates the force 
generated with the muscle's signal [14]. This continuous 
volitional control allows individuals to do reactive and non-
cyclic tasks by directly controlling and mimicking the 
biological musculoskeletal systems. Moreover, an EMG-
driven musculoskeletal (MSK) model that is activated by the 
relative EMG signal magnitude of residual agonist-antagonist 
muscles can be used to achieve continuous volitional control 
(VC) of robotic ankle prostheses [15], [16].  

However, amputees may experience increased mental and 
physical load if a control signal is continuously sent over long 
periods, potentially causing the user to become distracted or 
exhausted, which may result in a misinterpretation of the user's 
intentions and a decrease in performance and safety[17], [18]. 
Recently, control methods that benefit from the improved user 
control provided by VC control and the consistency and 
repeatability of non-VC control have been developed. Hybrid 
volitional control (HVC) integrates non-VC and VC methods 
that maintain non-VC stability and dependability while 
allowing the user to alter or enhance the limb's entire range of 
motion via VC. As a result, amputees can continually carry out 
a variety of basic tasks and modify the way their devices move 
to carry out tasks that are currently difficult for them [19], [20]. 

Moreover, the model-based design (MBD) technique is 
used to improve the control of robotic systems. By applying 
models systematically throughout the development process, 
MBD is an approach that optimizes the delivery of complex 
systems [21]. MBD automates many stages of the software 
development process, including testing and code generation, 
which dramatically reduces the amount of time required to 
construct complicated systems. Tony Shu et al. utilized model-
based design (MBD) to develop direct myoelectric control of a 
subject-optimized neuromuscular model [22]. 

In this paper, a VC based on an EMG-driven MSK model 
was integrated with an FSM impedance controller. A Hill-type 
muscle model was employed to simulate the functions of the 
Gastrocnemius (GAS) and Tibialis Anterior (TA) muscles 
around the ankle joint. To activate these muscle models, the 
system utilizes input from ankle sensors and EMG data from 
the antagonist muscle pair. Furthermore, to improve the 
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functionality and responsiveness of the neuromuscular model 
controller, muscle parameters within the model are optimized 
using a surrogate-based optimization (SBO) approach. This 
paper also investigates the effects of using EMG control to 
examine and compare the impact of activating different 
muscles within the context of a neuromuscular model during 
the stance phase on a hybrid controller. The study involved 
testing two different controllers on a transtibial amputee (TTA) 
user during level-ground walking and stair ascent, providing 
new insights into optimizing muscle activation for improved 
gait dynamics. Moreover, the MBD technique developed the 
controller to decrease manual steps and human errors by 
automating essential steps like validation, verification, and 
coding. 

II.  METHODS 
A. Finite-State Machine Impedance Controller 

The four states of the finite-state machine (FSM) in use are 

powered pushing (PP), controlled dorsiflexion (CD), 

controlled plantarflexion (CP), and swing (SW). The torque is 

stated as follows in each: 

 𝜏𝐹𝑆𝑀 = 𝑘𝑛(𝜃 − 𝜃𝑛
∗) + 𝑏𝑛𝜃̇ () 

Where the ankle angle and angular velocity are represented 

by 𝜃 and 𝜃̇, while representing the linear stiffness, damping 

coefficient, and equilibrium point of the 𝑛-th state are 

represented by 𝑘𝑛, 𝑏𝑛, and 𝜃𝑛
∗  , respectively [20], [23]. The 

initial impedance control parameters are shown for each 

state in Table I. These can be changed if needed to meet the 

user's comfort or other needs.  

Moreover, the FSM transitions directly into CD if the user 

does not plantarflex during initial contact during stair ascent. 

This adaptation enhances movement and stability by allowing 

the controller to prioritize dorsiflexion, which is necessary for 

lifting the foot and clearing the stairs. 
TABLE I. INITIAL IMPEDANCE CONTROL PARAMETERS 

State 𝑪𝑷 𝑪𝑫 𝑷𝑷 SW 

𝑘𝑛 (𝑁𝑚/𝑑𝑒𝑔) 1 2 5 2 

𝑏𝑛 (𝑁𝑚𝑠/𝑑𝑒𝑔) 0.02 0.005 0 0 

𝜃𝑛
∗  (𝑑𝑒𝑔) 0 0 -10 0 

B. Surface Electromyography Signal Acquisition and 

Analysis 

The surface EMG signals of the participant's TA and GAS 

muscles were recorded using Össur's prosthetic assembly, 

which includes an electrode interface for measuring muscle 

activity. This interface consists of a dome electrode attached 

to the prosthetic liner and an electrical conduit that transmits 

the electrical potential from the user's skin surface to the 

outside of the liner, ultimately connecting to the prosthetic 

socket. [24].  

Surface EMG signals were prefiltered in the amplifier using 

a 20 Hz high-pass filter and a 50 Hz notch filter to remove 

power grid noise. The signals were then sampled at 1000 Hz. 

The signal was rectified and smoothed with a 2 Hz low-pass 

Butterworth filter to create a linear envelope, which was 

normalized to the user's maximal voluntary contraction 

(MVC) for control signal generation. Additionally, an 

adaptive moving average filter was applied to remove artifacts 

which Össur designed [24].  

Furthermore, depending just on the normalized muscle 

activation signal is insufficient due to the time-varying nature 

of the EMG signal, especially in dynamic circumstances [25]. 

As a result, the activation dynamic model used in [25] was 

applied to the system. 

C. Neuromuscular Model 

The construction of a neuromuscular (NM) model is based 

on the dynamics of muscle contraction and musculoskeletal 

geometry. The equations for contraction dynamics transform 

the levels of muscle activation into the corresponding muscle 

forces. This involves understanding the force-length and 

force-velocity properties of muscles, as well as activation and 

deactivation kinetics. The Hill-type model was used to 

simulate the contraction dynamics of the muscle-tendon unit 

(MTU). The integration of musculoskeletal geometry involves 

the modeling of the anatomical structure, including joint 

angles, moment arms, and muscle attachments, to precisely 

depict the transmission of forces and production of movement 

in the body. Together, these components enable the NM model 

to simulate realistic muscle behavior and movement as it is 

implemented  [26-30]. 

D. Model-Based Design of Neuromuscular Model 

The MBD process is shown in Fig.1. It starts by collecting 

and formalizing requirements, and then goes on to modeling 

and automatic code generation. It is important to guarantee 

two-way traceability between all development artifacts, 

including requirements, models, code, and test cases. 

Testing is performed at every stage of the development 

process: code that is run on a PC or the target is tested against 

the model, and the model is tested against the requirements 

[31]. 

 
Figure 1.  MBD Workflow [30]. 

1) Modeling of the Neuromuscular Model 

The model has been designed to reflect the system as 

precisely as possible and to ensure that the controller used in 

the model encounters the same challenges and conditions as 

the real model to reduce modeling errors. Furthermore, the 

Infinite-Impulse-Response (IIR) discrete filter was used to 

represent the discrete version of the second-order differential 

equation of the activation dynamics model stated in Section 

II-B, and integration of discrete-time is done by applying the 

Forward Euler Integration Method. The NM controller's 

dynamic model implementation using MATLAB -Simulink 

[32] is shown in Fig. 2. 
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Figure 2.   The dynamic model of the Neuromuscular model controller. 

 

The system was optimized using a surrogate-based 

optimization approach [33], with the squared error between 

biological ankle torque and model-predicted ankle torque 

defined as the cost function [34]. The dataset introduced by 

Camargo et al. [35] is used in this research to solve the 

optimization problem. 

2) Automated Code Generation and Validation of the 
Neuromuscular Model 

Furthermore, the optimized MATLAB-Simulink NM 

model controller was exported as a C++ library for controller 

implementation to create the NM controller software using the 

MATLAB Coder extension [36]. A software-in-the-loop 

(SIL) simulation has also been performed to validate and 

verify the system. This involves making sure that embedded 

software, control loops, and algorithms function as intended. 

Then, a processor-in-the-loop (PIL) simulation is performed 

to ensure that the hardware can execute the controller software 

without unexpected problems and that the outputs match what 

was expected. The verified NM controller software is then 

integrated with the FSM impedance controller and the rest of 

the system. 

E. Hybrid FSM Impedance and EMG-Driven MSK Model 

Controller 

During the stance phase, a hybrid FSM impedance and 

EMG-driven MSK model controller is used. Where the total 

torque (𝜏𝑡) is equal to the torque of the NM controller (𝜏𝑚) 

in addition to the FSM impedance controller torque (𝜏𝐹𝑆𝑀).  

 𝜏𝑡(𝑡) = 𝜏𝑚(𝑡) + 𝜏𝐹𝑆𝑀(𝑡) () 

The ankle behavior during the swing phase can be represented 

as a position control of the ankle joint around the state, as 

defined in [37], by setting the ankle equilibrium point 𝜃𝑛
∗ and 

the damping coefficient 𝑏𝑛 to zero as indicated in Table I. The 

controller operates in hybrid mode until it validates that the 

foot is entirely off the ground to ensure a smooth transition 

to the swing phase of the gait. An ankle angle controls the 

change from hybrid to position control. The hybrid FSM 

impedance and EMG-driven musculoskeletal model 

controller's block diagram is shown in Fig. 3. 

 

Figure 3.  Block diagram of the hybrid FSM impedance and EMG-driven 
musculoskeletal model controller. 

F. Muscle Utilization in Controller Design 

1) Controller 1 

For controller 1, the NM torque 𝜏𝑚(𝑡) is calculated as the 

difference between the torque from the TA muscle 𝜏𝑚−𝑇𝐴 and 

the GAS muscle 𝜏𝑚−𝐺𝐴𝑆 during the stance phase. Using both 

muscles during the controlled plantarflexion (CP) and 

controlled dorsiflexion (CD) phases ensures smoother 

transitions and better stability, especially for users with low 

muscle co-contraction. This aids in balance and provides a 

more natural gait pattern. 

 τm = τm−TA − τm−GAS () 

However, the negative torque of the gastrocnemius muscle 

−τm−GAS represents the NM torque only during the PP phase. 

GAS is the principal muscle engaged in plantarflexion, 

which is important to effectively raising the foot off the 

ground and generating forward motion. The control system 

may depend solely on the GAS muscle to optimize torque to 

provide an explosive and efficient push-off. Controlling 

opposing forces from the tibialis anterior (TA) muscle 

reduces computational complexity and simplifies the control 

approach because the TA muscle is not as active during this 

period. Table II provides an overview of the muscles used in 

the stance phase to calculate the 𝜏𝑚(𝑡) for controller 1.  
TABLE II. ESTIMATION OF 𝜏𝑚 FOR NM CONTROLLER FOR CONTROLLER 1 

THROUGHOUT THE STANCE PHASE. 

Subphase NM CONTROLLER  

CP 𝜏𝑚 = 𝜏𝑚−𝑇𝐴 − 𝜏𝑚−𝐺𝐴𝑆 

CD 𝜏𝑚 = 𝜏𝑚−𝑇𝐴 − 𝜏𝑚−𝐺𝐴𝑆 

PP 𝜏𝑚 = −𝜏𝑚−𝐺𝐴𝑆 

2) Controller 2 

To avoid excessive forces and instability during the CP 

phase, the controller avoids applying excess plantarflexion 

torque. For some users, integrating the impedance controller 

with NM torque during this phase may result in excessive 

torque. Therefore, the controller disables the NM model and 

relies solely on the impedance controller during CP for a 

smoother transition into CD.  

Furthermore, the second controller was designed to use 

only the TA muscle during the CD phase. This simplifies the 

control strategy and reduces computational effort. Using the 

TA muscle helps the tibia rollover and increases dorsiflexion 

torque in CD, leading to less foot stiffness, which is 

advantageous for activities like stair ascent. This approach 

also benefits users with high muscle co-contraction by 

736



  

providing better control and stability during the CD phase. 

Additionally, using both muscles risks over-activation, 

potentially leading to muscle fatigue, and it may avoid the 

risk of high co-contractions. Table III provides an overview 

of the muscles used in the stance phase to calculate the 𝜏𝑚(𝑡) 

for controller 2.  
TABLE III. ESTIMATION OF 𝜏𝑚 FOR NM CONTROLLER FOR CONTROLLER 2 

THROUGHOUT THE STANCE PHASE. 

Subphase NM CONTROLLER  

CP 𝜏𝑚 = 0 

CD 𝜏𝑚 = 𝜏𝑚−𝑇𝐴 

PP 𝜏𝑚 = −𝜏𝑚−𝐺𝐴𝑆 

III. EXPERIMENTAL SETUP AND RESULTS 

The user testing protocol CII2019061252 has been 

approved by the Icelandic National Bioethics Committee 

(VSN-19-083-V42). There was only one user. The participant 

gave written informed consent to participate in the study. The 

participant in the study is a 56-year-old male, standing 179 cm 

tall and weighing 103 kg. He has been living with an 

amputation for 19 years, which resulted from trauma. The 

amputation is on his right side, and he currently uses an Össur 

Pro-Flex Pivot prosthetic daily. Two tasks were employed to 

assess the performance of the two controllers: level-ground 

walking and stair ascent. 

The user walked on level ground at a pace of at an average 

speed of 1 m/s by applying controller 1 and controller 2 as 

described in Section II-F. The EMG activity of the GAS and 

TA muscles, ankle angle, ankle total torque, and NM torque 

during level-ground walking testing are shown respectively 

in Figs. 4 to 8. Each figure displays the outputs from both 

controllers, providing a comparative view of their 

performance across these variables. 
  

Figure 4.  EMG activity for the GAS muscle averaged over strides ±1 

standard deviation (shading) during the level-ground walking testing. 

Figure 5.   EMG activity for the TA muscle averaged over strides ±1 

standard deviation (shading) during the level-ground walking testing. 
 

Figure 6.   Ankle angle 𝜃𝑎(𝑡) averaged over strides ±1 SD shading 

(positive for dorsiflexion, negative for plantarflexion) during level-

ground walking. 

Figure 7.  Ankle NM torque 𝜏𝑚(𝑡) averaged over strides ±1 SD shading 

(positive for dorsiflexion, negative for plantarflexion) during level-

ground walking. 

Figure 8.  Ankle total torque 𝝉𝒕(𝒕) averaged over strides ±1 SD shading 

(positive for dorsiflexion, negative for plantarflexion) during level-
ground walking. 

 

Furthermore, the user ascended stairs using controller 1 

and controller 2, as outlined in Section II-F. Figs. 9 to 13 

illustrate the EMG activity of the GAS and TA muscles, 

ankle angle, ankle total torque, and NM torque during stair 

ascent. Each figure presents the results from both controllers, 

allowing for a comparative analysis of their performance 

across these outputs. 
  

Figure 9.  EMG activity for the GAS muscle averaged over strides ±1 

standard deviation (shading) during the stair ascent testing. 
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Figure 10.  EMG activity for the TA muscle averaged over strides ±1 
standard deviation (shading) during the stair ascent testing. 
 

 

Figure 11.  Ankle angle 𝜃𝑎(𝑡) averaged over strides ±1 SD shading 

(positive for dorsiflexion, negative for plantarflexion) during stair 
ascent. 

 

Figure 12.  Ankle NM torque 𝜏𝑚(𝑡) averaged over strides ±1 SD shading 

(positive for dorsiflexion, negative for plantarflexion) during stair 

ascent. 

 

Figure 13.  Ankle total torque 𝜏𝑡(𝑡) averaged over strides ±1 SD shading 

(positive for dorsiflexion, negative for plantarflexion) during stair 

ascent. 

IV. DISCUSSION AND CONCLUSIONS 

A. Level-Ground Walking 

Fig. 7 shows that NM torque, influenced by muscle 

activity and ankle angle inputs, caused Controller 1 to have 

high torque during the controlled plantarflexion (CP) phase, 

leading to increased ankle plantarflexion (Fig. 6). High 

torque and ankle angle during this phase can cause excessive 

plantarflexion, which affects stability and smooth 

movement. Disabling NM during the CP phase for Controller 

2 can avoid excessive torque, resulting in a more natural gait 

cycle. 

 

Moreover, the PP phase was initiated earlier due to the 

ankle angle and the additional dorsiflexion torque provided by 

the NM controller in controller 2. As shown in Fig. 8, the peak 

torque, which represents the maximum torque that can be 

applied to the ankle 75 N·m, started earlier with controller 2. 

However, the standard deviation data indicate that controller 

1 demonstrated greater repeatability. 

A review of the torque data and user feedback indicates that 

the impedance controller has a stronger effect than the 

neuromuscular (NM) control. Consequently, the overall 

behavior of both controllers aligns more closely with that of 

an impedance controller. 

B. Stair Ascent 

Disabling the NM torque during the controlled CP phase 

did not impact the stair ascent results because the user 

effectively bypassed this phase. The user skips loading the 

heel at initial contact during stair ascent, transitioning directly 

into CD. 

Both controllers enabled the user to place their toe first at 

the beginning of each step, closely replicating a natural gait 

pattern. The EMG controller adjusted torque in response to 

muscle activity (Fig. 12), facilitating smooth and natural 

movement. It provided additional propulsion during the PP 

phase, which was essential for generating the force needed 

to lift the body onto the next step (Fig. 13). 

During the stance phase, there was no significant 

difference between Controller 1 and Controller 2. However, 

Controller 2 demonstrated better repeatability and slightly 

higher torque at the beginning of the CD phase due to the 

exclusive use of the TA muscle (Fig. 11), which makes the 

ankle less stiff during the CD phase. Controller 2 simplifies 

the control strategy by focusing on a single muscle, which 

reduces the overall complexity of the controller and lowers 

the computational effort required for real-time processing. 

The transition to the swing phase took longer during stair 

ascent compared to level-ground walking due to the 

increased biomechanical demands of ascending stairs. This 

is because the PP phase requires additional time to ensure 

that the entire foot is completely off the ground and because 

the foot must be lifted higher during the swing phase to clear 

the step.  

The positive outcomes from these results encourage future 

research initiatives. More users with transtibial amputations 

will test the hybrid controller during daily functional 

activities, and additional biomechanical testing will be 

conducted to evaluate its effectiveness. 
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