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Abstract—We present the design and control of a pneumatic
ankle-foot orthosis (P-AFO) device powered via bi-directional
pneumatic rotary actuator and a pneumatic artificial muscle
for rehabilitation assistance and treatment of neuromuscular
disorders. The rotary actuator and the pneumatic muscle assist
with dorsiflexion and plantar flexion, respectively. The
prototype is also equipped with simple sensor system for gait
pattern analysis. The P-AFO has the capability of 20 degrees
dorsiflexion from the plantar flexion and 12 degrees
dorsiflexion from the neutral position of an ankle joint. The
data-driven predictive control (DDPC) algorithm has been
designed for P-AFO to follow desired gait cycle trajectories
while rectifying the nonlinearity and uncertainties of the
pneumatic actuators. The design of DDPC is realized from the
subspace identification matrices acquired by the input-output
values obtained as a result of an open-loop operation. The
control structure is completely data-based without certain use
of a model in the control implementation. In order to control
the developed P-AFO prototype device, the suggested
controller was implemented in a real-time operating system.
Experimental studies are performed to compare the proposed
controller with a three-term controller (PID) in trajectory
tracking of the P-AFO.
Index Terms—rehabilitation assistance, ankle-foot orthosis,
subspace identification, PID, data-driven predictive control.

I. INTRODUCTION
The facility for an orthosis device to enforce an assistive
torque (e.g., dorsiflexion and plantar flexion) at the ankle
joint and to control position and motion of the ankle could
be important to the rehabilitation process with ankle-foot
orthosis [1]. Users could get utility from an ankle-foot
orthosis for rehabilitation assistance for ankle disorders in
accidents and for treatment of the neuromuscular disorders
such as polio, stroke, trauma, cerebral palsy, and multiple
sclerosis. Because of these problems, foot-slap, drop-foot
and toe-drag gait disorders occur in the ankle joint [2-5].
The main reason of neuromuscular impairment is the
weakness of the dorsiflexor and the plantar flexor. Impaired
patients are motivated subjects for these devices as a result
of the high number of lower extremity injuries seen in last
decades [6].
There are various treatments for ankle-foot disabilities
such as surgical, orthotic, or therapeutic. Functional
electrical stimulation (FES) is one of the active e methods of
gait treatment [7.8]. These devices use surface electrodes for
stimulating the peroneal nerve to assist the ankle dorsiflexor
to provide functionality throughout the swing phase of the
gait cycle. During this stimulation, the ankle may be tensed

behind natural angle, which helps the ankle foot complex
maintain toe clearance during the swing phase. The size and
duration of the stimulation can be adjusted to change gait
pattern. FES devices provide the actuation and assistance
that passive ankle-foot orthosis provides, but the devices
don’t help the plantar flexion during gait [9].
Among these treatment types, orthotic treatment is the
most common implementation. This method can be used for
drop-foot and foot-slap prevention [10]. An ankle-foot
orthosis (AFO) device is defined as a type of exoskeleton
which surrounds the ankle and foot. AFO devices could be
divided into three categories which are passive, semi active,
and active. Passive AFO devices are not comprised of active
controllers, onboard electronic or electrical components, and
a power supply. Passive AFOs were not designed to assist
people in workout and train weak muscles [11].
Additionally, disadvantage of long-term use is neural
conformations that gradually decrease muscle activity in
time. Thus, passive AFOs generally put more pressure on
physical therapy to correct these unwanted long-term
effects. Semi active AFOs are able to change flexibility of
the ankle joint using computer control [12]. A semi-active,
passive AFO that has been configured for motion control
lacks the ability to assist a user that has plantar flexor
deficiencies. As a result, there are few orthotic strategies for
the loss of plantar flexion.
Active orthotic devices have been developed to direct the
limitations of passive and semi-active AFOs by supplying
power to the ankle joint for torque assistive and motion
control. Active AFOs include actuators, power sources,
sensors, and control systems. These active devices vary
according to the actuation principle and/or control strategy.
Actuation principles can be categorized into two main
groups: active AFOs powered by means of series elastic
actuators (SEAs) and active AFOs powered by means of
pneumatic artificial muscles (PAMs). The majority of these
orthosis devices using for assisting the ankle joint only in a
sagittal plane throughout walking. Their goal is to show the
effect of an orthosis device on the human ankle kinematics
when assistance is provided to both dorsiflexion and
plantarflexion movements or only to the gait cycle"s the
plantarflexion phase. The SEAs consist of motor-actuated
ball-screw mechanism in series with a helical spring [1314]. The motor is designed to provide torque assistance via a
driven screw. The screw changes the height of the spring in
order to achieve rotary compliance. While the elastic
actuators are comfortable enough for daily use, AFOs are
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Figure 1. Main design of the P-AFO device. (a) Design concept; (b) Actual prototype

bulky and ill-suited for daily wear due to the various power
transmission components within. They also do not provide
the high torque assistance required for the walking cycle.
The PAMs consist of an expandable internal bladder
surrounded by a braided shell. When air pressure is applied,
it expands in a balloon like manner and shortens in the axial
direction. Thus, PAMs generate large contraction forces
which rely on the strength of the applied pressure. PAMs are
desirable for active AFO devices because they are lightweight, capable of high forces, and inherently compliant.
PAMs have been used for research or clinical rehabilitation
treatments that help patients recover from pathological
disorders or injuries [15, 16]. Artificial muscles are not
suitable for daily wear, but they produce high torque
assistance compared to SEAs and provide three plane
(sagittal, transvers and frontal) support. Electric motors and
hydraulic systems have also been applied as both series and
direct-drive elements for active AFOs [17-20].
Control schemes developed for active AFOs depend on
the fact that the gait is essentially a cyclical motion. Preprogrammed patterns, that may be set as information about
the present kinematic/kinetic state and the function of the
stride time, have been proposed to mimic the ankle
behavior. Various methods have been used in the controller
design problem of active AFOs, including trajectory
tracking control, torque control, and variable impedance
control. [21-24]. Control algorithms such as PID,
impedance, and adaptive are used to solve this controller
problem [25-27]. Many of these control algorithms are
model-based. The fact that the active AFOs developed will
be used on different people increases the importance of the
controller. The success of the controller will facilitate the
adaptation of the device to the user and for this reason, it is
important to develop the controller to be independent of the
model. Therefore, data-driven predictive control (DDPC)
algorithm is proposed as the control method in this study.
The most important reason for choosing the DDPC is to
estimate the model of the P-AFO by making a subspace
identification. DDPC chosen as a result of this purpose is
subspace based, and it can converge the model of the P-AFO
to the real model along the horizon determined by the inputoutput values obtained as a result of an open-loop operation
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[28-30]. Although model-based control ensures a higher
positioning precision for active AFOs compared to datadriven control, its design process requires that the system be
modelled and that there be an adequate knowledge of
control theory, making it difficult for designers.
To the best of our knowledge, this is the first study to
design an active AFO device with a hybrid actuator structure
and control it with data-driven predictive control algorithm.
In this article, we present a novel active orthotic device
powered by bidirectional pneumatic rotary actuator and
pneumatic artificial muscle for use in treatment of
neuromuscular disorders and in rehabilitation assistance.
The major benefits of fluid power in this device are the force
to volume ratios of the actuators and high force to weight
alongside having the ability to operate a joint without the
need for a more traditional power transfer method. It also
uses flexible hoses to transport the pressurized fluid to the
actuator, and these hoses can be placed in locations along
the body where it would be impossible for a traditional
motor to reach. Subspace identification method was used for
model estimation of P-AFO. DDPC algorithm chosen as a
result of this purpose is subspace based. DDPC consists of
the subspace based predictor and the cost function of the
model predictive control (MPC) algorithm. For performance
comparison of the DDPC and the PID in trajectory tracking
of the P-AFO, experimental studies were performed. The
real-time experimental results demonstrate that the P-AFO
device satisfies the design requirements, controllability of
ankle joint angles and suggested control algorithm is better
than the PID controller. The rest of the article is organized
as follows. Section II describes the design and fabrication of
the prototype. Section III presents the control strategy and
the designed DDPC algorithm. Section IV shows
experimental studies. Section V shows the result of
experimental studies. We conclude with a general
conclusion of the study.
II. P-AFO DESIGN
The P-AFO consists of subsystems that house structure,
sensing, actuation, and power (Fig. 1). We used portable
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Figure 2. Cycle was divided into multiple phases defined by functional gait task

battery powered air compressor (SMC,800kPa) and
pressure regulator (SMC, MCQ 134) to power pneumatic
artificial muscle (FESTO,DMSP-20-120N-RM-CM)and
bidirectional rotary actuator (FESTO,DSM-12-270-P-FWA-B) at the ankle joint. Compressed air is used safely near
the human body in a number of widespread applications. We
used the equipment within the specifications manual of the
manufacturer to provide user safety during operation.
The calf and ankle-foot components were customfabricated from orfit thermoplastic material over a model of
a leg and were the structural elements of the system. This
material offers high comfort for patients and is very easy to
use. A large diversity in width and thickness allows one to
treat a wide range of pathologies and to accommodate
different orthotic designs. The connection parts used for
pneumatic artificial muscle, pneumatic rotary actuator and
rotary potentiometer are manufactured using PLA filament
in a 3D printer.
Pneumatic artificial muscle (PAM) is attached behind the
distal shank part of P-AFO. PAM is responsible for plantar
flexion motion on sagittal plane. As PAM contracts, its
artificial tendon pulls the anchoring points on the foot brace
resulting in plantar flexion of the foot. From the end of the
mid stance through toe off, P-AFO have provided plantar
flexion assist to prevent drop-foot. High forces can be
obtained depending on the applied air pressure value using
PAM. PAMs are widely used in rehabilitation robots to
generate high force and motions with soft-flexible
structures. Pneumatic rotary actuator (PRA) is mounted at
the lateral shank part of P-AFO. PRA is responsible for
dorsiflexion motion on sagittal plane. As the PRA is
actuated, it pulls the anchoring points on the ankle resulting
in dorsiflexion of the foot. During heel strike, the P-AFO
provides dorsiflexion assist to prevent foot-slap. During
swing, torque assistance is provided to prevent drop-foot.
The foot part was allowed to rotate through the 90° range of
motion (ROM) ability of the PRA. PRA can produce 20 Nm
assistive torque according to the applied air pressure without
the need for any transmission.
The direction of the motion could be switched from
dorsiflexion to plantar flexion with proportional directional
control valves (FESTO, MPYE-5-1/8-HF-010 B). The
switching control of the proportional valve was chosen
according to the events during the gait cycle. We assigned

the event limits for these states using a rotary potentiometer
(10 kΩ (np22) endless rotation) placed in the ankle joint.
In the P-AFO, the ankle ROM is between -20° and 12° for
sagittal plane. The total weight of the developed P-AFO
prototype is 2.5 kg excluding power supply and air
compressor.
III. P-AFO CONTROL
The importance of the controller increases for the fact that
AFOs will be used on different people. Because the success
of the controller will facilitate the adaptation of the device to
the user, it is important to develop the controller
independently of the model. Therefore, data-driven
predictive control algorithm was proposed as control method
to estimate the model of the P-AFO by making subspace
identification. The data-driven predictive control algorithm
was designed with the use of subspace identification
method. DDPC chosen as a result of this purpose is
subspace based, and it can converge the model of the P-AFO
to the real model along the horizon determined by the inputoutput values obtained as a result of an open-loop operation.
With the model obtained as a result of the identification, a
control rule has been written for the predictive control cost
function.
In order to provide the appropriate assistance during gait,
we controlled the position of P-AFO. Position of both the
plantar flexion and dorsiflexion motions were adjusted by
the proportional directional control valve. The control
system comprised of a potentiometer at the ankle joint. This
sensor helps detect the movement of foot.
Timing of the P-AFO position was adjusted by distinct
functional gait requirements (Fig. 2). During the loading
response (%0-%12), the P-AFO controlled dorsiflexion
angle prevent foot slap. In midstance (%12-%30), the PAFO ensured no assistance and permitted of free ROM at
the ankle joint. The wearer was stabilized by the structure of
the device during midstance. From the beginning of terminal
stance through pre-swing (%30-%62), plantar flexion angle
was controlled to assist propulsion. During swing (%62%100), dorsiflexion angle was controlled to prevent foot
drop by maintaining toe clearance.
It is very important to choose the control algorithm for the
P-AFO to perform successful position tracking during the
walking cycle. Unlike industrial applications, it is a
67
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desirable variable for the patient’s treatment process to
proceed in a healthy way, in which the actuator is connected
with successful follow-up performance in Biomechatronics
applications. The fact that the developed P-AFO will operate
with a multi-user operation, requires that the patient quickly
adapts to the foot. As a result of a simple and fast
experiment, a control algorithm that optimally adapts to the
patient's foot is required for fast and effective treatment. In
addition, the robotic system, which is designed as a multiuser, is required to work with the best fit for every user.
It creates a unique model when the foot is physically
attached to the robot due to the difference of the healing
process of each user or the unique mechanical characteristic
of the foot. Original models need to be estimated to achieve
the targeted fit.
In this study, subspace identification method was used for
model estimation. The data-driven predictive control
(DDPC) algorithm chosen as a result of this purpose is
subspace based, and it can converge the model of the system
to the real model along the horizon determined by the inputoutput values obtained as a result of an open-loop operation.
In addition, the fact that the control algorithm works by
looking at past input and output values during a specified
horizon ensures that any improvement or abnormal
conditions that will occur during the continuous treatment
process are added to the control rule and the treatment
process progresses in a synchronous manner.
The novelty of the DDPC algorithm over other control
techniques is that the system does not have the traditional,
explicit parametric definition, such as the state-space model
in the development of the controller or transfer function.
Instead, it uses the subspace-based parameter estimation
equation to predict future output values of the system.
Therefore, the predictive control algorithm is also called
'data-driven' or 'model-free' predictive control [31-33]. In
addition, subspace based parameter estimation equation
coefficients are obtained directly from offline input-output
(I/O) data by performing a single QR decomposition from a
specific Hankel data matrix. Once the appropriate parameter
estimation coefficients are obtained, a model can be applied
to the predictive control algorithm and consequently results
in the application of the DDPC algorithm. The rule based on
past data is able to respond quickly by following all the
actions along the horizon. The key features of the developed
controller are as follows:
 The controller theory is designed using I/O data with
on-line and off-line mechanisms and the cost function
of the model predictive control (MPC).
 DDPC does not need a system model to develop the
concept of control. The system model is created by
estimation methods.
 The data is taken as knowledge without mathematical
models or implicit and explicit information.
 DDPC algorithm can be easily applied to multi-input
and multi-output systems.
In this section, the mathematical modelling of DDPC
algorithm used in the control of P-AFO will be explained. In
order to create the proposed control algorithm, subspacebased parameter estimation and model predictive control
algorithm will be explained, respectively.
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A. Subspace Identification Method
This subsection provides the background on the subspace
identification matrices from the open loop data. These
matrices will be used in the following section to design a
data-driven predictive controller. The subspace method
accepts the state space model as the system model structure.
The basic principle of subspace parameter estimation is
based on the fact that the state, the input and output vectors,
and the state space parameters (A, B, C, D) can be easily
estimated by least mean square regression methods. We can
set up the routine in the first order differential equation form
using the input and output signals and the state vector, such
as the state-space model shown in Equation 1.
xk+1=Axk +Buk +Kek

(1)

yk =Cxk +Duk +ek

where, uk   m , yk   l and xk   m are the input
variables, the output variables and the state vector variables
of the system, respectively, and ek   l is the white noise
disturbance. The system matrices A   nxn , B   nxm , ' p '
and K  lxl are the state, input, output, feed-through and
Kalman filter gain matrices, respectively.
The measurements of the inputs, uk , and the outputs,
yk  k  1, 2, , N   , are assumed to be accessible for

system identification and the input Hankel matrices for uk ,
represented as U p and U f . The indexes ' f ' and ' p '
represent the ‘future’ and ‘past’ matrices of the variables.
Similarly, Hankel matrices for yk , are represented as Y f
and Yp . The system past and future state sequences are
defined as below:
x p =  x1

x2 … xN-2M+1 

x f =  xM+1

(2)

xM+2 … xN-M+1 

(3)

In the subspace identification method, these Hankel
matrices are made to be rectangular. Thus, the undesired
effects of noise on the identification system are minimized.
This condition can be achieved by having a large data set,
indicated by the variable N. Moreover, M represents the
order of the predictor equation [34]. For successful
identification, the order M must be bigger than or at least
equal to the real system order n as demonstrated in the size
of the state matrix A.
The subspace prediction expression of the outputs can be
derived by recursive substitution of Equation 1 [35, 36].
Y f   M X f  H Md U f

(4)

Yp   M X p  H Md U p

(5)

X f  A Xp   Up

(6)

M

 M   Mlxn

can

d
M

be

described

observability matrix,   
d
M

nxMm

as

the

extended

as reversed prolonged
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deterministic controllability matrix, and H Md   nxMl as the
triangular Toeplitz matrix. The optimal prediction of Y f can
be written as follows:

The minimization of a cost function is the realization of
the MPC problem. The cost function in MPC with the
typical form of is given as shown below:
T



Y f  LwW p  LuU f

(7)

where, W p indicates the past input-output data matrix as
T

W p = Yp U p  ,Lw and Lu are the subspace matrices
corresponding to the past input-output data and future input
data, respectively. The following least squares problem is
solved to calculate the subspace matrices Lw and Lu from
Hankel matrices.

min Lw , Lu Y f   Lw

W p 
Lu   
U f 

matrix W p  Yp U p  . This can be defined by Equation
(9) shown below:
(9)

where, / indicates the orthogonal projection. The solution for
Equation (9) can be done by performing QR-decomposition
as follows:
0   Q1 
0  Q2 
R33   Q3 

(10)

where, R is a low triangular matrix and Q is an orthogonal
matrix.
L   R31

R
R32   11
 R21

and control horizon, respectively. These horizon parameters
are defined as being equal to f. Using Equation (7) and the
reference signal, the cost function can be rewritten as:



J = L w Δ w p + L uN c Δ u N c + y t -rt+ 1
w

Δwp+L



T

wQ x



Nc
u

Δ u N c + y t -rt+ 1 + Δ u

(13)

T
Nc

When the cost function is solved, the control rule can be
written as:



u f   LNu c



T

 L w   y  r
w

p

t

 
   K

WQ LNu c  WR
t 1



wp , Nc

1

 

x LNu c

T

WQ

(14)

wp  Ke, Nc  yt  rt 1 

K wp , Nc and  K e , Nc are the weight of the past data and the

W p 
Y f  Yf /  
U f 


0
R22
R32

reference signal at present t , N p , and N c are the prediction

(8)
F

T

 R11
R
 21
 R31

(12)

where, WQ and WR are the weight matrices, rt is the

L

2

This problem can be solved from shifting the orthogonal
projection of the row space Y f into the row space of the

W p 
 
T T
U f   R Q
 Yf 
 

N 
N



J  k p1  yt k  rt k  WQ  yt k  rt k   k c1 utTk 1WR ut k 1





†

0 
  Lw
R22 

Lu 

(11)

tracking error, respectively. At each time instance, only the
first element of u f is used to calculate the control input.
Therefore the control input ut is determined as follows:

ut  ut 1  ut

(15)

The proposed DDPC algorithm was performed on the PAFO. The control system architecture is shown in Fig. 3. In
Fig. 3, M and N are the length of data and
yd (k  1), y (k  1), u (k  M ) are the desired output and the
real output and input, respectively. All input-output data are
stored in a database to use in the control method. This data
is generated off-line using MATLAB and transferred to
PAM and PRA through serial communication between the
computer and the microcontroller.

where, † denotes the Moore-Penrose pseudoinverse and

Lw   MlxM ( m 1) , Lu   MlxMm .
B. Data-Driven Predictive Control
The Data-Driven Predictive Control (DDPC) consists of
the subspace based predictor defined in section A and the
cost function of the model predictive control (MPC)
algorithm. In this section, using the calculated estimation
equation coefficients Lw and Lu , the controller gains K wp

and K e are calculated. Control theory is written using these
coefficients, the past input-output, and the future output
data. The controller performs optimization at every step.
The first set of control signals calculated at each step is
applied to the P-AFO.

Figure 3. Control system architecture

The collected input-output data are used for subspace
identification in MATLAB. After determining the
appropriate parameter estimation coefficients (Lw, Lu) with
subspace identification, the model became applicable to the
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model predictive control algorithm. As a result, DDPC
algorithm becomes implementable. The values K wp , K e
calculated in MATLAB are sent to the microcontroller via
serial communication. The control algorithm is then
executed on microcontroller with those values and actual
I/O data through control horizon.

Volume 21, Number 1, 2021

DDPC and PID controllers were compared. The trajectory
was determined based on functional gait cycle as shown in
Fig. 2. This trajectory includes dorsiflexion and plantar
flexion movements in the sagittal plane. The dorsiflexion
angle includes [0-10] angles, and the plantar flexion angles
includes [0; -15].

(b)

(a)

(c)
Figure 4. Subspace identification data for P-AFO and DDPC control gains.
(a) Sine input signal with scanning frequency; (b) Output signal measured from P-AFO; (c) DDPC control gains,

IV. EXPERIMENTS
The data-driven predictive controller was applied to the
P-AFO for position control, based on the theory given in
Section III. Experimental studies were implemented to show
the performance of the P-AFO device, to characterize the
designed actuator, as well as compare the performance of
the proposed DDPC and the PID controller. The coefficients
of the PID controller are chosen as Kp=8, Ki=3, and Kd=2
respectively. Experimental studies consist of step response,
multi-step response, stride frequency, and trajectory
tracking. The P-AFO prototype was fixed to a rigid
stationary table to hang in the air as shown in Fig. 1 (b).
Experimental studies were carried out on the P-AFO without
being worn by a user.
On the first study, step and multi-step response studies
were implemented for comparison of time reaction of the
controllers.. Three step inputs of -10°, -15°, -20° and the
multi-step trajectory within the range of [3°; 8°; 12°] were
given to the P-AFO as reference positions. Responses of the
DDPC and PID controllers to the position step and multistep inputs were analyzed.
As a second study, trajectory tracking performances of the
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K w p , K e

Finally, stride frequency study was implemented to
characterize the tracking performance of the data-driven
predictive controller with changing walking speeds. The
experiment was implemented on the P-AFO to track a sine
signal trajectory with amplitude of 10° and at various
frequencies of 0.4 Hz, 0.6 Hz, and 0.8 Hz.
The P-AFO position was directly measured using rotary
potentiometer which is attached in the ankle joint. The
control algorithm was implemented by MATLAB on a PC
with a sampling time of 20 ms. This sampling time was
selected to accomplish an optimal control performance and
to be suitable for the bandwidth of the used proportional
directional control valve.
The working ranges of the P-AFO device were adjusted
as below:
u   0;10 V  y  12; 20    P   0; 6  bar 

Here, u, y , and P are the driving voltage range of the
proportional valve, the position, and pressure of PAM,
respectively.
To design the predictive controller, the input/output data
collected from the open-loop experiment are necessary to
define the subspace matrices with subspace identification
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method. Many different experimental studies have been
performed for subspace identification. By changing the
input signals applied to the P-AFO in the experiments, we
attempt to obtain the best identification signal. In these
experiments, a sine signal with a single frequency value, a
sine signal produced in two and three different frequencies,
and a sine signal with scanning frequency were applied,
respectively.
When the model obtained after applying these input
signals was compared to the state space model of P-AFO,
the average success was higher in the scanning frequency
signal which is a form of signal that starts from the low
frequency component and continues to increase in the
specified range. It has been determined that the input signal,
which includes components in many different frequency
ranges with constant amplitude, will provide better
recognition of the system's characteristics. The experimental
studies were implemented with a sine signal with scanning
frequency of magnitude 0.5 for the inputs.
The
subspace
parameter
estimation
matrices,
Lu 100 x100  , Lw 100 x100  are decided using subspace
identification, i  100(row) and j  100(column) in the
Hankel matrices. The range of the Hankel matrices was set
as N c  10, f  50 and p  10 , while the weighting
matrices are selected as WQ  100 ,and WR  1000 . The
input signal applied to P-AFO for subspace identification,
the output signal measured from the system and the DDPC
control gains, K wp , K e  0.0235 are shown in Fig. 4. These
gains calculated using Equation (14). The important
coefficients from calculating the control gains are
N c , f , p, WQ and WR . The optimal coefficients are
calculated as above and real-time control of the P-AFO is
carried out by applying the control gains to the DDPC
control rule determined in Equation (15).
V. EXPERIMENTAL RESULTS
In the first experiment, step and multi-step input response
experiments were implemented to compare the behavior
over time of both controllers. The recorded responses of the
DDPC and PID controllers to three position step inputs are
shown in Fig. 5. Red lines symbolize the position step inputs
of -10°, -15°, -20°. These reference position values represent
plantar flexion angle values during gait cycle.

Figure 5. Position step input responses of the DDPC and PID controller

Volume 21, Number 1, 2021

The working time for each reference is determined as 5
seconds. The responses of the DDPC are symbolized using
blue lines, while the green lines represent the PID controller
step input response. Performance indices of the PID
controller and DDPC are showed in Table I. Percentage
overshoot values, rise time, settling times, and RMS error
measurements are submitted.
TABLE I. PERFORMANCE INDEXES OF THE STEP RESPONSE EXPERIMENT
-10°

Percentage
overshoot (%)
Rise time
(sec)
Settling time
(sec)
RMS Error (°)

-15°

-20°

DDPC

PID

DDPC

PID

DDPC

PID

5.21

19.45

4.17

13.7

2.53

9.72

0.43

0.44

0.57

0.65

0.87

0.94

1.05

1.28

1.50

1.95

2.05

2.39

2.21

3.85

3.60

5.47

4.42

9.85

As shown in Fig. 5, the experimental data indicates that
the DDPC has a more accurate response to the position step
inputs than the PID controller. The percentage overshoot
performance of the DDPC is in the preferable level to the
PID controller as shown in Table 1. If rise times are
considered, it seems that the two controllers perform
closely. When the comparison is made in terms of settling
times, it can be realized that the DDPC outperforms PID
controller. However, the output reached setpoint in a short
time in both controllers. RMS error performances of the
controllers are close to each other, but the DDPC has
performed better. Settling times of the active AFO actuators
have been shown to be within 0.5 s and 1.5 s [37, 38].
Therefore, the designed actuator is sufficient for the design
requirement of low response time.
The recorded responses of the DDPC and PID controllers
to three position multi-step inputs are shown in Fig. 6. Red
lines symbolize the position step inputs of 3°, 8°, and 12°.
These reference position values represent dorsiflexion angle
values during gait cycle.
The working time for each reference is determined as 10
seconds. The responses of the DDPC are symbolized using
blue lines, while the green lines represent the PID controller
step input response. Performance indexes of the DDPC and
PID controller are dedicated in Table II. Percentage
overshoot, rise time, settling times, and RMS error
measurements are presented.

Figure 6. Position multi-step input responses of the DDPC and PID
controller
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When the experimental results are examined, it is seen
that the position of P-AFO can be controlled at the desired
level in the multi-step responses with DDPC as shown in
Fig. 6. Considering the overshoot values that are shown in
Table II, the DDPC shows more than twice performance the
PID controller. Among the reference trajectory changes, the
PID controller responded with high overshoot against short
rise time, while DDPC responded with a low overshoot
against a slightly longer rise time.

In the third experiment, stride frequency study was
implemented to characterize the tracking performance of the
DDPC for several different walking speeds. Trajectory
tracking results of the DDPC for varying stride frequencies
(0.4 Hz, 0.6 Hz and 0.8 Hz) are presented in Fig. 8. Red
lines are the reference signals, while the blue lines represent
trajectory tracking results. RMS error measurement in angle
(°) for gait cycle are submitted. RMS error measurement in
angle (°) for gait cycle are submitted.

TABLE II. PERFORMANCE INDEXES OF THE MULTI-STEP RESPONSE
EXPERIMENT
3°

Percentage
overshoot
(%)
Rise time
(sec)
Settling
time (sec)
RMS
Error (°)

8°

12°

DDPC

PID

DDPC

PID

DDPC

PID

9.15

34.8

7.54

32.5

6.83

28.54

0.40

0.35

0.61

0.51

0.79

0.72

1.85

2.95

2.57

3.92

3.15

4.71

1.95

2.98

2.40

3.95

3.12

4.87

If settling times are considered, it can be understood that
the DDPC performs slightly better than the PID controller.
RMS error performances of the controllers are close to each
other, but the DDPC has performed better. As a result, the
DDPC generated a good transient response and steady-state
performance compared to the PID controller.
In the second experiment, trajectory tracking
performances of the DDPC and PID were compared. This
trajectory includes dorsiflexion and plantar flexion
movements in the sagittal plane during gait cycle. The
dorsiflexion angle includes [0-12] angles, and the plantar
flexion angle includes [0; -15] angles. Trajectory tracking
results of the controllers for one gait cycle of is given in Fig.
7. RMS error measurement in angle (°) for gait cycle are
presented.

Figure 7. Trajectory tracking performances of the DDPC and PID controller

Examining the RMS error measurements of the trajectory
tracking reveals that the DDPC has almost twice the
performance of the PID controller. The RMS value for the
PID controller is 0.55276°, while this value was calculated
as 0.2857° for the data-driven predictive control. The
developed P-AFO device outperforms the previous works
[39, 40] in trajectory tracking, so it can be understood that
the low position tracking error requirement is satisfied.

72

Figure 8. Trajectory tracking performances of the DDPC and PID controller
for different stride frequencies

When the tracking results for the multiple stride
frequencies shown in Fig. 8 are examined, it can be seen that
when the gait cycle frequency is 0.4 Hz, the applied DDPC
is much more accurate than it is at higher frequencies. The
RMS error value for DDPC algorithm was calculated as
0.4165°, 0.8449°, 1.4457°, respectively for each frequency.
At increased walking speed, the tracking error increased
with it due to the limited speed of the actuators.
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VI. CONCLUSION
In this article, we introduced the design and control of a
pneumatically powered P-AFO device. The prototype
showed the capability of 12° and 20° of dorsiflexion from
neutral position and from a plantar flexion position,
respectively. The total weight of the developed P-AFO
prototype is 2.5 kg excluding the power supply and the air
compressor. The prototype also showed repeatability of feed
forward control and capability of feedback control for the
ankle joint angle.
Experimental studies were performed to compare
performances of the controllers. These studies including step
and multi-step response, stride frequency, and trajectory
tracking were conducted using the P-AFO prototype.
Experimental results demonstrate that the overall system
satisfied the design requirements and the suggested DDPC is
better than a PID controller in trajectory tracking under
different conditions.
In future studies, performance comparison of the designed
controller with model-based controllers such as impedance,
adaptive backstepping etc., could be considered. In addition,
different designs will be developed to increase the degree of
freedom of the device.
We believe that this data-driven predictive control
algorithm, constructed entirely independent of the model,
will open a rich space for future rehabilitation techniques for
ankle-foot disorders.
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