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The Haptic Cycling Trainer (HaCT): a robotic device for lower-limb rehabilitation 
 

Abstract: This article presents a robotic rehabilitation device comprising a cycle 
ergometer that can guide a user's feet through non-circular trajectories while dynamically 
assisting or resisting motion. The device possesses three degrees of freedom: a central 
motor governs crank rotation, while two additional motors independently control each 
crank's effective length; three rotational encoders provide position feedback. Each motor 
is regulated by nested position (outer), velocity, and current (inner) control loops. 
Controller gains for each cascade stage were optimized through simulations employing a 
model of the physical system. Inertial and dissipative parameters within this model were 
estimated via system identification, wherein a population-based search algorithm 
minimized the discrepancy between the model's predictions and the system's measured 
response. Validation of both the system model and its derived controller proceeded in two 
stages: first examining each degree of freedom in isolation, then considering them 
simultaneously. Evaluation entailed comparing the physical system's response to 
commanded trajectories and further assessing model fidelity by contrasting simulated 
predictions against experimentally observed response. 

Keywords: Bees algorithm, Cycle ergometer, Haptic interface, Rehabilitation 
engineering, System identification. 

1 Introduction 
Stroke is a major contributor to long-term disability worldwide, with a substantial proportion of 
survivors experiencing persistent functional impairment [1]. Lower limb impairment is one of the most 
prevalent motor deficits following stroke, frequently resulting in reduced mobility and compromised 
gait function [2, 3]. These impairments persist in a significant proportion of stroke survivors, limiting 
community ambulation and increasing long-term dependence on assistive interventions [4, 5]. Robotic-
assisted gait training has been introduced to enhance repetitive, task-specific lower limb rehabilitation 
after stroke, aiming to improve walking function through high-intensity, controlled movement patterns 
[6]. Several devices, based on exoskeletal or end-effector designs, have been introduced in stroke 
rehabilitation to provide consistent kinematic guidance, reducing therapist burden while enabling longer 
training durations [7-9]. Clinical evidence indicates that electromechanical-assisted gait training 
combined with physiotherapy increases the likelihood of regaining independent walking in stroke 
survivors, particularly in the subacute phase [10]. Robotic systems have the potential to be used for 
facilitating lower limb therapy early after neurological injury. Early initiation of rehabilitation after 
stroke is critical, as the first weeks post-injury represent a heightened period of neuroplastic potential 
during which the brain is more responsive to motor relearning stimuli [11].  

Cycling-based rehabilitation is often used as a training modality that can be employed early in the acute 
post-stroke phase as it promotes motor relearning and cardiovascular conditioning in a controlled 
manner [12]. Technology for cycling rehabilitation includes instrumented ergometers and robotic 
systems that enable controlled, phase-specific loading of the lower limbs. Early variable-resistance 
cycle ergometers allowed adjustment of mechanical load during recumbent exercise [13]. Isokinetic 
eccentric cycle ergometers have been developed to provide controlled eccentric muscle actions [14]. 
Semi-recumbent eccentric systems have been instrumented to isolate muscle contractions to specific 
phases of the pedal cycle, enabling targeted neuromuscular training [15, 16]. Recently, a lower-limb 
haptic rehabilitation robot has been designed and experimentally validated to deliver controlled force 
patterns during lower-extremity training [17]. 



In this paper we present the Haptic Cycling Trainer (HaCT), a novel robotic device for cycling training 
that combines the repetitive, task specific nature of cycle ergometry with programmable assistance, 
resistance, and foot-trajectory modulation typically seen in robotic-assisted gait rehabilitation. The 
HaCT system is an electromechanical cycling system that can provide assistance or resistance to the 
user dynamically during the cycle, while follow programmable non-circular foot trajectories. The paper 
first describes the electromechanical design and control architecture of the HaCT system, followed by 
the state-space equations that were used to model the system and the system identification procedures 
utilized to estimate the parameters of these equations. We present the results of preliminary testing on 
the resulting controller, showing that the model can accurately predict the system performance, and that 
the HaCT device satisfies the proposed design specifications. 

2 Methods 
2.1 Electromechanical Design 
The Haptic Cycling Trainer (HaCT, Fig.1) is a static cycle ergometer. The system has no integrated seat 
so that, for example, it can be used while seated in a wheelchair. The frame of the system is composed 
of 40x40mm aluminium T-slot extrusion, and includes a safety cage (not pictured) to keep the user’s 
hands away from any trap or pinch risks. A single central brushless DC motor (DB80L048030-ENM05J, 

Figure 1. Mechanical design of the HaCT. (a) Intended use case, in which a subject pedals the device while seated in a 
wheelchair. (b) The shaded region, bounded by circles with radii equal to the maximum and minimum crank lengths, illustrates 
the reachable workspace for each pedal. An example trajectory is shown (thick line). (c) A central motor and worm drive 
rotates the cranks. Each crank assembly consists of an active linear stage which determines the crank length, a passive linear 
stage, and a pedal connector that couples the stages together (inset). To minimize the lateral distance between the pedals, the 
slip rings and active stages are located external to the pedals. 



Nanotec Electronic, Feldkirchen, Germany) controls the rotation of both cranks, which are coupled 
together such that the angle between the two cranks is always 180°, as in a standard push bicycle. A 
worm drive transmission with 50:1 speed reduction (VH+ 040, Wittenstein, Igersheim, Germany) 
reduces the rotational speed while increasing the torque transmitted from the motor, and ensures that 
the system cannot be back-driven. The cranks turn on three colinear mild steel shafts. The effective 
length of each crank can be varied independently while the cranks rotate, such that each pedal can 
follow an arbitrary non-circular trajectory. Each crank contains a custom linear actuator, comprising a 
brushless DC motor (EC-4pole 30-305013, Maxon Group, Sachseln, Switzerland), a planetary gearhead 
with a reduction of 4.3:1 (GP 42 C, Maxon, Sachseln, Switzerland), and a ball screw drive with a screw 
lead of 12.7 mm (PowerTrac SRT 0500-0500 RH, Nook Industries, Cleveland, Ohio). Custom carriages 
incorporating ball bearings (TTGE-12-SPMWW, THN, Enschede, The Netherlands) slide on precision-
machined hardened steel cylindrical guides. With the exception of the steel shafts and guides, all custom 
parts are composed of aluminium. Each crank’s length can vary between 100 mm and 240 mm. In 
comparison, standard push bicycle cranks have a length of 170 mm.  

The form factor of HaCT is dictated by a requirement to keep the lateral distance between the two pedals 
to a minimum; too large a lateral distance would require an excessive amount of hip abduction for the 
user, which would be uncomfortable and would interfere with the intended use of the device. The motors 
that control the crank lengths rotate along with the cranks, and therefore require the transmission of 
power and signals via slip rings that occupy substantial lateral space. These motors and the associated 
transmissions add to the space required. The system’s design places these components external to the 
user’s legs, with lower-profile passive linear stages located medial to the user’s legs. The active and 
passive linear stages are connected via a custom pedal connector part, such that, for each leg, a single 
motor controls the length of both stages. 

In addition to Hall Effect sensors in each motor, the system’s sensors include three rotational encoders 
(Fig. 2). The central motor’s position is monitored using a magnetic incremental encoder with a 
resolution of 4096 counts per revolution (NME-1, Nanotec Electronic, Feldkirchen, Germany). The 
crank length motors incorporate incremental encoders with a resolution of 1024 counts per revolution 
(ENC 16 EASY, Maxon Group, Sachseln, Switzerland). User interactions with the system are measured 

Figure 2. HaCT hardware and device architecture, with variables that will be used in the system model labelled. 



via two instrumented pedals (I-CrankSet ICS-RM, Sensix, Poitiers France), each of which contains a 
6-axis force/torque sensor and an additional encoder. This article does not consider user interactions, so 
data from these sensors will not be considered here. 

A CompactRIO-based controller (NI 9047, National Instruments, Austin, TX, USA) manages the 
system through a CANopen network. CANopen communication is handled by an interface card (NI 
9881, National Instruments, Austin, TX, USA) installed on the CompactRIO. The first node on the 
CANopen bus is the central motor driver (N5 CANopen, Nanotec, Feldkirchen, Germany), which 
operates using pulse-width modulation (PWM). The remaining nodes are the crank length motor drivers 
(Epos 4, Maxon, Sachseln, Switzerland), which are similarly controlled via PWM. CompactRIO’s real-
time environment generates the required speed commands and transmits them to the drivers via 
CANopen. Feedback signals from the drivers are used to update the control algorithm.  

Safety features include a physical emergency stop button for rapid power shutdown. The control 
software limits the central motor speed to 1,500 rpm, corresponding to a crank rotation of 30 rpm. While 
unimpaired cycling typically involves crank rotation of approximately 60 rpm, a lower speed limit was 
selected as appropriate for the intended rehabilitation application. The crank motor speed is restricted 
to 1,290 rpm, corresponding to a screw drive output speed of 0.6 m/s. The software verifies the 
trajectory validity before each test, preventing initiation if parameters are unsuitable. An emergency 
stop routine runs in parallel with the main control loop, allowing immediate test termination upon 
activation of a software interface stop button.  

2.2 Software and Control Architecture 
The real-time control software was developed in LabVIEW 2019 (National Instruments, Austin, TX, 
USA) using a state machine architecture to accommodate the sequential operations required for 
CANopen communication. The primary control loop executes every 10 ms. During operation, motor 
position, speed, and current data are streamed to the user interface via Network Streams to ensure 
lossless data transfer.  

For each of the three mechatronic subsystems depicted in Fig. 2, the control architecture consists of a 
three-level cascade control scheme, comprising nested position, speed, and current loops that allow for 
independent regulation (Fig. 3). The primary advantage of this tiered structure is its ability to isolate 
and suppress disturbances locally, preventing their propagation through the broader system [18]. 
Specifically, by managing current dynamics within the innermost loop, the system can mitigate transient 
spikes during abrupt position commands, thereby ensuring electrical safety and smoother motion 

Figure 3. Control architecture for each subsystem in HaCT, where eP, eS, and eC are the position, speed, and current errors 
respectively; RS and RC are the speed and current references respectively, and V is the resulting voltage applied to the system 
by the controller. 



profiles. The outer levels manage speed and position control, integrated with optical encoder feedback 
to ensure spatial accuracy [19]. 

Such nested control systems require the separation of bandwidths. To facilitate stability and decouple 
the dynamics of each layer, the inner loops are designed to operate at a frequency at least four to five 
times higher than their immediate outer counterparts [20]. This frequency separation ensures that the 
inner loop reaches a steady state before the outer loop significantly changes its command signal. For 
the crank rotation system, a bandwidth of 2 Hz, which is approximately equal to the voluntary force 
control bandwidth of the human leg [21], was chosen as an appropriate target for the position loop; 
design specifications of 10 Hz for the speed loop and 50 Hz for the current loop were defined based on 
this. For the dynamic crank length system, the design specifications were empirically defined as 4 Hz 
for the position loop, 20 Hz for the velocity loop, and 100 Hz for the current loop. To eliminate steady-
state error across all loops, a Proportional-Integral (PI) control law is applied to each layer. 

In order to tune the PI controllers and achieve the target bandwidths, an accurate model of the system 
is required. While the fundamental mathematical models for the motors, gears, and screws are well-
defined, the structural complexity of the HaCT system introduces uncertainties regarding the effective 
inertia and friction in each subsystem. The following section describes state-space models that were 
derived to describe each subsystem. 

2.3 State-Space Model 
As illustrated in Fig. 2, HaCT consists of three mechatronic subsystems: the crank rotation system and 
the left and right dynamic crank length systems. In the modelling that follows, the subscripts c, l, and r 
are used to refer to each of these subsystems respectively. The left and right dynamic crank systems are 
assumed to be identical; only the model for the left crank is presented here. Each subsystem was 
represented with a state-space model in the form 

𝑥̇ = ݐ݀݀ ൥ߠ௠̇ߠ௠݅൩ (1) 

ݕ = [1 0 0] ൥ߠ௠̇ߠ௠݅൩ (2) 

where ߠ௠ is the position of the motor and ݅ is the armature current. Assuming the commutation 
algorithm is done correctly and is fast enough, the electrical dynamics of the BLDC motors can be 
represented by the brushed DC motor model: 

 
Figure 4. (a) The crank angle is defined as the angle between the left crank and horizontal. (b) Illustration of the moving 
mass associated with changes in the crank length. 



ݐ݀݅݀ = ܮ1 ൫ܸ − ܴ݅ − ௠൯ߠ௘̇ܭ (3) 

where ܮ is the armature inductance, ܸ is the applied armature voltage, ܴ is the armature resistance, and ܭ௘ is the motor back EMF constant.  

The general form of the mechanical dynamics model is ܭ௧݅ = ௠ߠ௘௤̈ܬ + ܾ௘௤̇ߠ௠ + ߬௟ (4) 

where ܭ௧ is the motor torque constant, ܬ௘௤ is the equivalent inertia or the total effective inertia reflected 
to the motor shaft, ܾ௘௤ is the equivalent viscous damping coefficient, and ߬௟ is the external load torque 
reflected to the motor shaft.  

The mechanical dynamics for the crank rotation system, referred to here with the subscript ܿ, are 
modelled as ݀݀ݐ ௠௖ߠ̇ = ௘௤௖ܬ1 ൬ܭ௧௖݅௖ − ܾ௘௤௖̇ߠ௠௖ − 1ܰ௪ ߬௚௖൰ (5) 

where ௪ܰ is the transmission ratio of the worm drive, and ߬௚௖ is a load torque due to gravity. For 
standard cycle ergometers, where both cranks have the same length and mass, the weight of the cranks 
balance each other and there is no net torque due to gravity. In contrast, each of the HaCT system’s 
cranks can change length independently, so this balancing cannot be assumed. The gravity torque is 
modelled as ߬௚௖ = ݉௣݃(݈௖௥ − ݈௖௟) cos(߶) (6) 

where ݉௣ is the mass of the pedal assembly, that is the mass of the components that move to change 
the crank length, ݃  is the acceleration due to gravity, ݈௖௥ and ݈௖௟ are the effective lengths of the right and 
left cranks respectively, and ߶ is the angle that the left crank makes with horizontal (see Fig. 4). The 
distribution of mass around the crank axis of rotation varies as the crank lengths change, so the 
equivalent inertia is a function of the right and left crank lengths in the form: ܬ௘௤௖ = ൫݈௖௥ଶܣ + ݈௖௟ଶ ൯ + ௖௥݈)ܤ + ݈௖௟) + ܥ (7) 

where ܤ ,ܣ, and ܥ are constants. The equivalent damping coefficient, ܾ௘௤௖, is assumed to be constant. 

The mechanical dynamics for the left dynamic crank length system, referred to here with the subscript l, are 
modelled as: ݀݀ݐ ௠௟ߠ̇ = ௘௤௟ܬ1 ൭ܭ௧௟݅௟ − ܾ௘௤௟̇ߠ௠௟ − 1௦ܰ ௣ܰ ൫ܨ௚௟ − ௖௟൯൱ܨ (8) 

where ௦ܰ and ௣ܰ are the screw and planetary drive transmission ratios respectively, ܨ௚௟ is a load due to 
gravity, and ܨ௖௟ is a centrifugal force. The gravity term includes the component of the weight that acts parallel 
to the axis of the screw, as well as the friction in the linear guides, and is modelled as   ܨ௚௟ = ݉௣݃൫sin(߶) + ௠௟൯|cos(߶)|൯ߠsgn൫̇ ߤ (9) 

where ߤ is a coefficient of friction, and where the sgn term is used to ensure that the friction always 
opposes the direction of motion. The centrifugal force term accounts for the rotation of the crank as its 
length changes, and is modelled as ܨ௖௟ = ݉௣݈௖௟߶̇ଶ (10) 



The state-space models presented here contain eight unknown inertia, damping, and friction parameters: 
A, B, and C for the variable equivalent inertia reflected to the central motor; the constant equivalent 
inertia referred to the crank length adjustment motor, ܬ௘௤௟; the mass of the pedal assembly, ݉௣; the 
coefficient of the equivalent damping at each motor, ܾ௘௤௖ and ܾ௘௤௟; and the coefficient of friction in the 
screw drive, ߤ. The following section describes the methods used to estimate these parameters. 

2.4 Parameter Estimation 
The unknown parameters in the system model were estimated using an optimization approach that 
minimized the differences between the model’s predicted output and the measured output of the physical 
system. The motor constants, resistances, and inductances were taken from the supplier datasheets, and 
the optimization process was used to estimate the inertia, damping, and friction parameters. The models 
take applied voltage as input and calculate resulting motor position as output.  

A sequence of physical tests were performed to collect data for this parameter estimation process. The 
system is unsuitable for stable open-loop operation, so closed-loop control was required for these tests. 
The optimal controller gains depend on the unknown parameters, so these tests used current and speed 
gains derived via the autotune feature of each motor controller, and the position loop gains were set 
manually. The tracking performance of the controller was not important for these tests because only the 
input voltage to each motor and the resulting position are required; as long as the system response was 
stable, the results are usable for the parameter estimation study. A reference motor position trajectory 
was provided to the controller for each test. The trajectories used for the tests are shown in Fig. 5, 
consisting of trapezoidal and sinusoidal signals. The trapezoidal sections tested linearity and 
repeatability, while the sinusoidal sections measured the response to varying frequencies [22]. Voltage 
data applied to the motor were obtained from the driver circuit, and position data were measured from 
the system's encoder. 

The optimization process used the prediction error method [23]. The difference between the model’s 
predicted output and the actual measured output is the error ݁ ௞, and the optimization algorithm attempts 
to minimize the objective function ܬ௞ [24]  ݁௞(ݐ) = (ݐ)௞ߠ − (ݐ)௞ߠ̅ (11) 

 
Figure 5. Reference trajectories used for the parameter estimation tests. 



(ݐ)௞ܬ = 1ܰ ෍ ݁௞(ݐ)݁௞(ݐ)்ே
௞ୀଵ (12) 

where ߠ௞ represents the measured motor position data and ̅ߠ௞ represents the model outputs. 

The bees algorithm was used to optimize the unknown parameters. This is a population-based search 
procedure inspired by the foraging behaviour of honeybees [25]. The algorithm was selected as 
appropriate to this problem because it does not rely on calculation of gradients, which would be 
problematic due to discontinuities in the state space models presented in the previous section. The bees 
algorithm initializes with a population of candidate solutions, analogous to scout bees exploring the 
environment. A subset of these solutions, deemed the most promising or "elite" sites, is selected for 
more intensive investigation. The algorithm then conducts a localized, intensive search around each of 
these elite sites by recruiting a larger number of agents to explore their immediate vicinity. A less 
intensive search is performed around other non-elite sites. This dual-pronged approach aims to achieve 
a balance between focused exploitation of high-quality regions and broader exploration of the search 
space. 

In each iterative cycle of the algorithm, the population is updated by retaining the best-performing 
solutions discovered from the localized searches. The remaining population positions are replaced with 
new randomly-generated agents in unexplored areas of the search space. This scouting mechanism aims 
to prevent the search from converging prematurely on local optima. If implemented correctly, this 
iterative processes of local exploitation and random exploration converges toward a globally optimal or 
near-optimal solution. 

Reasonable initial candidates for the inertia parameters were identified based on a combination of part 
specifications, CAD file data, basic mass moment of inertia definitions, and the parallel axis theorem. 
The initial candidates for damping and friction parameters were randomly generated. Algorithm 
parameters were based on the values used in similar studies [26-28], in which the population number 
varies between 20 and 100. To reduce the computational cost and shorten the optimization time, a 
population number of 40 was selected for this study. In each iteration, 12 promising sites and 4 elite 
sites were selected. The number of agents recruited to search near each elite site was 40, and the number 
recruited to search each non-elite promising site was 20. The number of iterations was set to 40. 

Since the length of each crank is a variable in the model of the crank rotation system, test data were 
collected for six different crank length conditions. Each condition involved a different combination of 
left and right crank lengths, including one condition where both crank lengths varied following a 
triangle waveform (see Fig. 6a). The crank rotation system model parameters were fit to the data from 
the test in which both cranks were fixed at their minimum length. Using the resulting fitted parameters, 
the normalized root mean square error (NRMSE) between the model and the test data was calculated 
for all of the test conditions. Similarly, the dynamic crank length system model includes a term 
representing the crank rotation speed, so tests were repeated at three crank rotation speeds; the model 
parameters were fit to the data from a test at 10 rpm, and again the NRMSE was calculated for all test 
conditions. The mass term ݉௣ appears in both models; since it has a larger influence in the dynamic 
crank length model, it was optimized for that model and treated as a constant in the central motor model. 

2.5 Controller Parameters 
Having estimated the inertial and dissipative parameters of the state-space models, they were then 
incorporated into MATLAB Simulink models of each system’s control architecture as represented in 
Fig. 3, with the appropriate state-space equations in the “System” block. The PI controllers for each 
loop were synthesized using the MATLAB Closed-Loop PID Autotuner. This utility injects test signals 
into the simulated plant to estimate the frequency response, and optimizes the control parameters to 
meet the specified target bandwidths. The autotuning process was performed in two distinct stages: 



First, the tool injected a small-amplitude, frequency-swept excitation signal (sinusoidal perturbation) 
into the closed-loop system model. The autotuner then measured the system's output response relative 
to this perturbation to estimate the frequency response near the desired bandwidth frequency. 
Subsequently, the algorithm optimized the proportional and integral gains to maximize the phase 
margin. To maintain stability within the cascade architecture, the loops were tuned sequentially from 
the inside out: beginning with the current loop (highest bandwidth), followed by the speed loop, and 
concluding with the position loop (lowest bandwidth). The resulting PI controllers were implemented 
in the physical system’s LabVIEW control software.  

The parameter estimation and controller tuning considered each HaCT subsystem independently. To 
evaluate both the performance of the tuned controllers and the fidelity of the developed models for the 
complete system, a trajectory tracking experiment was conducted. A reference pedal trajectory was 
commanded to both the physical system and the Simulink model. The actual motor positions were 
measured and the model’s predicted response was recorded. The resulting data was used to quantify two 
error metrics: the tracking error, defined as the difference between the reference trajectory and the 
physical system's actual position; and the prediction error, defined as the difference between the 
physical device's measured position and the model's predicted position. 

3 Results 
3.1 Parameter Estimation Results 
The optimization studies resulted in the estimated parameter values listed in Table 1. Based on these 
results, the equivalent inertia reflected to the central motor in the model varies from  2.1 × 10ିସ kg·m2 to 4.8 × 10ିସ kg·m2 as a function of the crank lengths. All estimated inertia terms 
are almost identical to the preliminary manual estimates. The estimated friction coefficient for the 
dynamic crank length system exceeds typical values for rolling contact, while the estimated equivalent 

Figure 6. (a) Model fitting and prediction errors. The bars with hatched lines indicate the fitting errors, and the solid bars are 
the prediction errors. “TRI” indicates a test in which the crank lengths followed a triangle waveform. (b) The response of 
each loop in the cascade control architecture to a step command. (c) The magnitude response for each subsystem, with the 
bandwidth labelled. 



viscous damping coefficient is relatively low. This combination may reflect parameter compensation, 
wherein the optimization algorithm distributes dissipative effects between the two terms in a manner 
that is not strictly physical.  

The model fitting and prediction errors corresponding to these parameters are shown in Fig. 6a. For the 
crank rotation system, the Normalized RMSE values are consistently low (~1%) across all validation 
tests, demonstrating good predictive accuracy for the investigated operating envelop. Since the 
validation tests encompass both sinusoidal and trapezoidal motion profiles, and represent distinct 
loading conditions achieved through crank length variation, which alters the mass distribution about the 
rotational axis, we can be confident that the model and its parameters are appropriate. The largest errors 
are observed when the left and right crank lengths are asymmetric (tests 4 and 5 in the plot), suggesting 
that the gravity torque term (Equation 6) does not fully capture the effects of asymmetry. That the error 
magnitude varies depending on which crank is longer suggests that the cranks are not perfectly identical 
as assumed; however, the effect of this discrepancy is negligible. 

For the dynamic crank length system, the model fitting and validation errors are larger; this is to be 
expected since it is the more complex system. That the errors appear to scale with crank speed suggests 
that the centrifugal force term (Equation 10) does not fully capture its effects on the system. However, 
the observed Normalized RMSE values are still low (<5%) and are considered acceptable here. 

3.2 Controller Parameter Results 
Using the parameter estimates from the previous section, the controller gains for each subsystem were 
tuned as described above. The resulting proportional (ܭ௣) and integral (ܭ௜) parameters are listed in 
Table 2, and Fig. 6b illustrates the closed-loop step responses corresponding to these parameters. Figure 
6c presents the magnitude response of the position control loop for each system, confirming that the 
system achieves the target bandwidths as specified in the design criteria (2 Hz and 4 Hz respectively). 
The results indicate that position control is achieved for both systems with no overshoot or steady-state 

Table 1. Parameter estimation results 

Subsystem Parameter Optimized value 
Crank rotation system 1.02  ܣ × 10ିଷ  kg 3.21  ܤ × 10ିସ  kg·m 2.1  ܥ × 10ିସ  kg·m2 ܾ௘௤௖   1.8 × 10ିଷ  kg/s 
Dynamic crank length system ܬ௘௤௟   7.25 × 10ି଺  kg·m2 ܾ௘௤௟   5.7 × 10ିହ  kg/s ݉௣  4.77  kg 0.15  ߤ   

 

 

Table 2. Tuned proportional and integral gains 

System Parameter Current Speed Position 

Crank Rotation System ܭ௣  0.1 0.4 15 ܭ௜  32 4.8 - 

Crank Length System ܭ௣  0.1 0.1 24 ܭ௜  74 3.9 - 

 



error. In both subsystems, the current control loop response reaches the reference value gradually. 
Because the brushless DC motors in this system have high starting currents, the controller was 
specifically designed to prevent instantaneous current spikes that could damage the electronics. A 
controlled amount of overshoot is permitted within both speed loops. This design choice allows the 
system to respond more dynamically to rapid trajectory changes. These inner PI loops effectively 
eliminate steady-state error, so the integral term in the outer-loop position PI controller becomes 
redundant. Consequently, the position loops for both subsystems were reduced to purely proportional 
controllers as seen in Table 2. With these outer loop proportional gains, the system decelerates smoothly 
as it approaches the target angle, effectively balancing response speed with the necessity of preventing 
any position overshoot. 

3.3 Complete System Demonstration Results 
Thus far, the results have focused on each subsystem independently. To evaluate the overall system 
model and control strategy, a reference pedal trajectory was designed to emulate an expected use case 
of the device. This involved the cranks rotating at a constant speed while the length of each crank varied 
in a triangle waveform (Fig. 7a). The resulting two-dimensional trajectory of each pedal is shown in 
Fig. 7b. The system response predicted by the Simulink model is plotted along with the actual response 
of the physical system. The tracking error plot (Fig. 7c) indicates that there is a consistent lag of 
approximately 1 mm between the reference and the system response: while the crank length is 
increasing, the physical crank is consistently shorter than the reference, and vice versa when the crank 
length is decreasing. For this application, an error of ±1 mm is essentially undetectable; the typical 
variations in a user’s ankle angle while cycling will have a much larger effect on the limb kinematics. 
The prediction errors are even smaller, and indicate that the complete closed-loop Simulink model of 
the system is a robust prediction tool. 

Figure 7. Complete system evaluation results. (a) The crank angle and crank length vs time. (b) The two-dimensional pedal 
trajectory followed during the test, with a magnified detail illustrating the reference, response, and predicted trajectories. (c) 
The tracking error (difference between reference and response) and prediction error (difference between prediction and 
response) plotted against crank angle. 



4 Conclusion 
The Haptic Cycling Trainer was designed to enable lower limb rehabilitation studies that combine 
elements of robot-assisted gait rehabilitation and cycling therapy. To achieve this, the system must be 
capable of dynamically changing the length of each crank independently while also controlling the 
rotation of the crank. The control system presented here is capable of following a desired foot trajectory 
within an acceptable margin of error for the intended application. Future work using the HaCT will 
investigate human motor adaptation in response to foot trajectories with clinical relevance, including 
human-in-the-loop optimization of trajectory parameters to elicit desired muscle activation patterns. 
The HaCT system model developed in this paper can accurately predict the system’s response to 
command trajectories; this will support future studies on human-device interaction by enabling realistic 
representation of the mechatronic subsystems in in silico predictive neuromuscular modelling 
experiments. 
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