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Abstract— This paper deals with Markov Jump Linear
Systems-based filtering applied to robotic rehabilitation. Angu-
lar positions of an impedance-controlled exoskeleton, designed
to help stroke and spinal cord injured patients during walk-
ing rehabilitation, are estimated. Standard position estimate
approaches have adopted Kalman Filters (KF) to improve
measurement quality of inertial sensors based on individual
link configurations. That is, for a multi-body system, like a
lower limb exoskeleton, the inertial measurements of one link
(e.g., the shank) are not taken into account in other link
position estimation (e.g, the foot). In this paper it is proposed
a collective modeling of all inertial sensors attached to the
device, combining them in a Markovian estimation model,
in order to get the best information from each sensor. To
demonstrate the efficiency of our approach, a simulation was
performed regarding a set of human footsteps, with four IMUs
and three encoders attached to the lower limb exoskeleton. A
comparative study between the Markovian estimation system
and the standard one is performed considering a wide range
of parametric uncertainties.

I. INTRODUCTION

In the past few years, robotic devices for rehabilitation
and assistance have been developed and, among them, ex-
oskeletons for upper and lower limbs were widely exploited
(see e.g., [1], [2], [3]). However, regarding lower limb
exoskeletons, some issues still need to be improved to ensure
an effective gain for the patient [4], such as force and
impedance control to suit the patient’s gait pattern and new
strategies for enhancing balance and muscle strengthening.

As the control strategies for these robots are generally
performed using information about absolute and relative
angles of their segments, it is necessary to use sensors
which provide a reliable and accurate position measurement.
Inertial sensors, i.e., gyroscopes and accelerometers, have
been successfully applied in gait identification (see e.g., [5],
[6]) and in control strategies to provide stability and gait-
pattern adaptation during walking. In [7], for instance, it
is proposed an application using Inertial Measurement Unit
(IMU) to estimate the knee joint angle of a lower limb
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orthosis. The resulting measurement provides sufficient re-
dundant information to the device control system, conceived
to dynamically adapt the impedances of the orthosis joints.

In addition, Force Sensitive Resistors (FSRs), used here
as switch sensors, can be applied in gait-phase identification
systems with inertial sensors for estimation of absolute
angles. In [8], such a switch sensor approach is used to deter-
mine the phases of the human gait, namely heel-strike, toe-
off, stance, and swing phases. According to the authors, the
identification of the gait phases is important to verify where
the accelerometers measures only gravity acceleration, since
dynamic accelerations deteriorate the position estimation.

However, the gait-phase identification does not provide a
good indication of accelerometer reliability for all segments
in a lower limbs. Since the dynamics are different for each
segment during walking, the switch sensor approach provides
a good result only for the foot segment. Hence, we have a
good accuracy of the foot measurement, but a lower quality
of measurement when we move in direction of the hip. In
order to overcome this problem, in [9] the three components
of the accelerometers, instead of identify gait phases, is used
in an approach regarding Kalman filter and genetic algorithm
optimization. As an extension, in [10] a robust estimation
version is proposed, and the effectiveness of the approach is
verified in extreme conditions of parametric uncertainties.

In this paper a new approach to estimate the angular po-
sitions in lower limbs exoskeleton is presented to overcome
the accelerometer reliability problem over all gait phases.
In contrast to [5], [8], [7], [6], [9], [10], where the position
estimation strategies are based on an individual link configu-
ration, the proposed method uses a collective modeling of all
inertial sensors attached to the device, combining them in a
Markovian model and getting the best information from each
sensor. To show the effectiveness of the proposed method, a
simulation was performed regarding a set of human footsteps,
with four IMUs and three encoders attached to the lower limb
exoskeleton. A comparative study between the Markovian
Kalman Filter and the standard Kalman Filter is performed
considering a wide range of parametric uncertainties to show
the effectiveness of the proposed method.

The paper is organized as follows: Section II presents
the accelerometer and gyroscope models, the conventional
sensor fusion strategy, and the proposed Markov Jump Linear
Systems-based model; Section III presents the Markovian
Kalman Filter algorithm and the required conditions to select
the best information from each sensor; finally, Section IV
presents the simulated results and discussions.
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II. MARKOVIAN ESTIMATION MODEL

In this section, the Markovian model and the sensor fusion
strategy designed to estimate the absolute and relative angu-
lar positions of exoskeletons for lower limbs are presented.
The proposed strategy will be further evaluated in the ex-
oskeleton Exo-Kanguera, used to evaluate control strategies
and rehabilitation protocols to help stroke and spinal cord
injured patients during walking rehabilitation. The proposed
robotic system is driven by series elastic actuators that
allow the implementation of impedance control, ensuring
patient safety and the ability to specify different interaction
behaviors. Figure 1(a) shows a user performing a step with
the Exo-Kanguera (end of the swing phase).
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Fig. 1. (a) User performing a step with the Exo-Kanguera; (b) IMUs
attached to the body.

In the following subsections it is described the gyroscope
and accelerometer models, the conventional sensor fusion
strategy for an individual IMU, and the proposed MJLS-
base model which includes signals of all IMUs attached to
the exoskeleton.

A. Gyroscope and Accelerometer Models
The IMUs are attached in each segment of the body as

shown in Figure 1(b). Regarding the gyroscope measurement,
the angular velocity of the link where the IMU is attached
to, θ̇(t), at a given instant t, is modeled as

θ̇(t) = θ̇g(t)+bg(t)+ηg(t), (1)

ḃg(t) = − 1
τg

bg(t)+ηbg(t), (2)

where θ̇g(t) is the angular velocity measured from the
gyroscope in the Z axis, ηg(t) is a white Gaussian noise with
variance σ2

g , bg(t) is the gyroscope bias, τg is the Markov
process correlation time, and ηbg(t) is a white Gaussian noise
with variance σ2

bg
.

Analogously, the acceleration of the link, a(t), at a given
instant t, is modeled as

a(t) = aa(t)+ba(t)+µa(t), (3)

ḃa(t) = − 1
τa

ba(t)+µba(t), (4)

where aa(t) is the acceleration obtained from the accelerom-
eter in the X axis of the local coordinate system, µa(t)
is a white Gaussian noise with variance σ2

a , ba(t) is the
accelerometer bias, τa is the Markov process correlation time,
and µba(t) is a white Gaussian noise with variance σ2

ba
.

Since the variance values σ2
g , σ2

bg
, σ2

a , and σ2
ba

are known,
simulated signals for θ̇g and aa can be generated considering
a set of curves for θ̇ and a, defined from normal gait patterns.

B. Sensor Fusion Strategy

The conventional sensor fusion takes the gyroscope signal
as the main source for position estimation and uses the
accelerometer signal as a redundant information to correct
the estimated value from the gyroscope, usually corrupted
by integration errors. The estimated angular velocity and bias
from the gyroscope are given by

˙̂
θg(t) = θ̇g(t)+ b̂g(t), (5)
˙̂bg(t) = − 1

τg
b̂g(t). (6)

Taking the difference between real and estimated values
gives

∆θ̇(t) = θ̇(t)− ˙̂
θg(t) = bg(t)− b̂g(t)+ηbg(t)

= ∆bg(t)+ηbg(t), (7)

∆ḃg(t) = ḃg(t)− ˙̂bg(t) =−
1
τg
(bg(t)− b̂g(t))+ηbg(t)

=− 1
τg

∆bg(t)+ηbg(t). (8)

Hence, the state space representation of the estimation
system is obtained as

ẋ = Ax(t)+Bw(t),[
∆θ̇(t)

∆ḃg(t)

]
=

[
0 1
0− 1

τg

][
∆θ(t)

∆bg(t)

]
+

[
1 0
0 1

][
ηg(t)
ηb(t)

]
,

where ∆θ(t) and ∆bg(t) are respectively the position esti-
mation and offset errors of the gyroscope.

The angular position obtained from the accelerometer is
given by

θ̂a(t) = arcsin
(

aa

ge

)
= θ(t)+ηa(t), (9)

where ge is the gravitational acceleration constant. Here, the
measured acceleration, aa, is assumed to contain only the
component of the gravitational acceleration in the X axis.
That is, no dynamic accelerations are presented.

The output equation of the state space representation is
given by the difference between the estimated position from
the accelerometer and estimated position from the gyroscope,
that is,

z(t) = θ̂a(t)− θ̂g(t) = θ(t)+ηa(t)− θ̂g(t)

= ∆θ(t)+ηa(t). (10)

Therefore

z =Cx(t)+ v(t) =
[

1 0
][ ∆θ(t)

∆bg(t)

]
+ηa(t). (11)
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The final estimated values for the angular position and
gyroscope bias are given by

θ̂(t) = θ̂g(t)+ ∆̂θ(t), (12)

b̂g(t) = b̂g(t)+ ∆̂bg(t), (13)

where ∆̂θ and ∆̂bg are the estimated values of the angular
position and offset errors, respectively. These errors are
estimated by the Kalman Filter using the sensor fusion
strategy.

C. Markovian Estimation Model

This section proposes a new MJLS model for angular
position estimation of lower limbs exoskeletons.

Considering one leg of the exoskeleton Exo-Kanguera, the
following absolute and relative angles are defined

• Absolute angles: θB (body/trunk), θT (thigh), θS
(shank), θF (foot);

• Relative angles: θh (hip), θk (knee), θa (ankle).

The spatial configuration of the exoskeleton Exo-
Kanguera, at a given instant of time, can be obtained by
estimating one absolute angle and three relative angles. The
relative angles are measured by encoders coupled to the joint
of the exoskeleton. The absolute angles are usually obtained
by the sensor fusion strategy presented in Section II-B.

However, as shown by Eq. 9, the estimated angular po-
sition from the accelerometer is obtained assuming absence
of dynamic accelerations. Otherwise, the angle estimation
given by the accelerometer deteriorates and this signal is not
realiable [9].

During a normal human walking, all limb segments present
substantial dynamic accelerations during some periods of
time. The proposed MJLS-base estimation model assumes
that for a given instant of time, one of the limb segments
presents acceptable values of dynamic acclerations and the
measurements of the accelerometer attached to it can be used
to estimate the angular position.

Figure 2(a) shows the time intervals where each IMU
attached to the body segments presents the lower values of
dynamic accelerations for a step. The dynamic accelerations
are estimated by computing the acceleration vector module,
which includes all acceleremeter axes, and comparing it to
the gravitational acceleration. Figure 2(b) shows the four
Markovian states (B, T, S, and F) of the proposed MJLS
model. They are defined as the condition where the related
IMU presents lower values of dynamic acceleration.

The MJLS model for angular position estimation of lower
limbs exoskeletons can be described by the following state-
space equation

ẋ(t) = Āx(t)+ B̄w(t), (14)
y(t) = C̄(Θ(t))x(t)+ v(t), (15)

where x(t)∈Rn is the vector of states, w(t)∈Rm and v(t)∈
Rq are respectively the vectors of the state and measurement
noise, y(t) ∈ Rq is the vector of output measurements, and
Θ(t) is the Markovian chain. The vectors of states and output
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Fig. 2. (a) Markovian state jumps over three steps; (b) MJLS estimation
model.

measurements are defined respectively as

x =
[

xB xT xS xF
]T (16)

=
[

∆θB ∆bB ∆θT ∆bT ∆θS ∆bS ∆θF ∆bF
]T

,

y =
[

∆IMU ∆h ∆k ∆a
]T (17)

=
[

θ̂aIMU − θ̂gIMU ∆θB−∆θT ∆θT −∆θS ∆θS−∆θF
]T

,

where ∆θi = θi− θ̂gi, for i = {B,T,S,F} is the error between
the value of the absolute angle of the segment i (θi) and
the estimate of the angle calculated by the gyroscope (θ̂gi);
∆IMU is the error between the estimate of the absolute angle
calculated for a given segment by the accelerometer (θ̂aIMU )
and the estimate calculated by gyroscope (θ̂gIMU ); ∆i, for
i = {h,k,a}, is the estimation error of the relative angle of
the joint i; and ∆bi, for i= {B,T,S,F}, is the estimation error
of the bias generated by the gyroscope in the segment i. In
the Markovian filter implementation, the segment associated
with ∆IMU should present the greater reliability of measure-
ment from accelerometer data. Considering the gyroscope,
accelerometer, and gyroscope bias models, matrices Ā and C̄
are defined as

Ā =



0 1 0 0 0 0 0 0
0−1/

τgB
0 0 0 0 0 0

0 0 0 1 0 0 0 0
0 0 0−1/

τgT
0 0 0 0

0 0 0 0 0 1 0 0
0 0 0 0 0−1/

τgS
0 0

0 0 0 0 0 0 0 1
0 0 0 0 0 0 0−1/

τgF


,

C̄(Θ(t)) =


MB(t) 0 MT (t) 0 MS(t) 0 MF(t) 0

1 0 −1 0 0 0 0 0
0 0 1 0 −1 0 0 0
0 0 0 0 1 0 −1 0

 , (18)

where Mi, for i = {B,T,S,F}, assumes values of 0 or 1
according to the angle associated to the value of ∆IMU . Thus,
the only matrix time-variant is C̄(t). B̄ is defined as the
identity matrix of size 8.
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According to the above described, only one inertial sensor
is used at each instant in combination with three relative sen-
sors. As the system has four inertial sensors, the Markovian
model presents four states as shown in Figure Figure 2(b).

In Equation (18), the four variables: MB(t), MT (t), MS(t)
and MF(t) selects the inertial sensor which will be used at
each time instant. Table I presents the Markovian states and
the related variable values. After generating the estimation

TABLE I
TABLE OF MARKOVIAN STATES

Modes of Operation (Θ(t)) MB(t) MT (t) MS(t) MF (t)
B 1 0 0 0
T 0 1 0 0
S 0 0 1 0
F 0 0 0 1

errors for all angles from the Markovian filter, the estimated
absolute angles are given by:

θ̂B = θ̂gB +∆θ̂B, θ̂T = θ̂gT +∆θ̂T ,

θ̂S = θ̂gS +∆θ̂S, θ̂F = θ̂gF +∆θ̂F .

III. MARKOVIAN KALMAN FILTER

This section presents the Markovian Kalman Filter (MKF)
description and how the Markovian states are identified
during implementation.

Consider the discrete-time version of the Markovian model
described in Section II-C and given by

xk+1 = Φxk +Gwk, (19)
zk = Hxk + vk, (20)

where Φ = I + ĀT , G = Ā−1(Φ− I)B̄, and H(k) = C̄.
It is known from literature that if (zk,θ(k)) are known, the

best linear estimator of xk+1 is the Kalman Filter (KF), since
all operation modes are known at time k [11]. Therefore, the
recursive predicting and updating equations for the MKF are
given by

Predicting equations:
x̂k+1 = Fk,θ(k)x̂k|k

Pk+1 = Fk,θ(k)Pk|kFT
k +Gk,θ(k)QkGT

k,θ(k),

Updating equations:
Kk+1 = Pk+1HT

k+1,θ(k)(Hk+1,θ(k)Pk+1HT
k+1,θ(k)+Rk+1)

−1,

x̂k+1|k+1 = x̂k+1 +Kk+1(zk+1−Hk+1,θ(k)x̂k+1),

Pk+1|k+1 = (I−Kk+1Hk+1,θ(k))Pk+1

where the weighting matrix Q is invariant in time and given
by

Q =



σ2
gB

0 0 0 0 0 0 0
0 σ2

bgB
0 0 0 0 0 0

0 0 σ2
gT

0 0 0 0 0
0 0 0 σ2

bgT
0 0 0 0

0 0 0 0 σ2
gS

0 0 0
0 0 0 0 0 σ2

bgS
0 0

0 0 0 0 0 0 σ2
gF

0
0 0 0 0 0 0 0 σ2

bgF


(21)

On the other hand, the weighting matrix R is considered
time-variant since it changes according to the Markov chain
and is given by

R =
[

σ2
aθ(k)

σ2
eh

σ2
ek

σ2
ea

]
(22)

where σ2
aθ(k)

=
[

σ2
aB

σ2
aT

σ2
aS

σ2
aF

]
.

Required Conditions to Apply the Filter

In this subsection, two solutions to identify the actual
Markovian state according to the conditions of the ac-
celerometer measurements are described. The standard solu-
tion for this kind of problem is proposed in Case 1, whereas
in Case 2 it is proposed the same solution usually adopted
in Unmanned Aerial Vehicles (UAV), [12].

Case 1: This case concerns to the intervals in which
the position measurement obtained from the accelerometer
presents the least possible variance. These intervals are
obtained using the three FSRs placed in the sole of shoe.
It was defined that the accelerometer signal is not take into
account when the heel hits the ground because, around this
event, high-magnitude accelerations are sensed. However,
when the gait is in transition between stance phase and
swing phase, minimal variances are observed. Thus, Table
II summarizes Case 1.

TABLE II
GAIT INTERVALS TO ENABLE THE FILTER.

FSRheel FSRmiddle FSRfront

Reliable signal Low High or Low High
Unreliable signal High or Low Low Low

Case 2: This case uses only the signals obtained from the
triaxial accelerometer. It is assumed the approach presented
in [12]. The approach verifies when the signal obtained
from accelerometers is reliable, and in these moments their
signals are take into account to feed the filter. The checking
condition is given by

∣∣∣‖ [ax ay az]
T ‖−g

∣∣∣≤ ζ , where ax, ay,
and ax are the values of triaxial accelerometers, and ζ > 0
is a small value.

However, in [9] it was verified that the methodology pro-
posed in Case 1 to validate the signal from the accelerometer,
is less efficient than the Case 2. In this paper, Case 2 is
adopted and used to define the current Markovian state.

IV. RESULTS AND DISCUSSIONS

This section presents simulated results obtained applying
the standard position estimation and the proposed Markovian
estimation approaches to an exoskeleton performing three
steps. For both cases, standard and Markovian, the parame-
ters are considered optimized and equal. With the following
assumptions:
• The estimation system will be used to angular estimate

for one leg of the exoskeleton (trunk to foot), Figure
1(b),

• In the standard case, modeled in Section II-B, the
system is replicated for each segment of the exoskeleton,
where only parameters Q and R differ,
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• In the Markovian case, modeled in Section II-C, the sys-
tem is used unitarily because all segments are included
in the model,

• The weighting matrices Q and R are assumed optimized,
equal for both cases (standard and Markovian). Their
components are shown in Table III.

TABLE III
SYSTEM PARAMETERS.

KF bµ σg σbg σa τg
Body/trunk 0.01 0.0103 0.0003 46.562 839.70

Thigh 0.01 0.0017 0.0005 329.08 2138.5
Shank 0.01 0.0008 9.6405 100.94 1465.3
Foot 0.01 7.7482 18.594 291.29 3567.5

Figures 3 and 4 shows the results for trunk and foot
segments, where the label legends: Accel. and Gyro are
the raw angles calculated through the accelerometer and
the gyroscope. Notice in Figure 3 that the trunk segment
features the most critical condition for angular estimation. It
presents large dynamic acceleration levels cumulatively from
the other segments (thigh, shank and foot) in all stages of
walking. Thus, the accelerometer attached to the trunk has
a reliable signal only for a few intervals; see the updated
signals shown in Figure 3(c), where the average reliability
of the accelerometer using KF is 5.61% of the time, on the
other hand the reliability using MKF is 13.1% this represent
a improvement of 134%. In Figure 3(d), we can see the
influence of the Markovian approach, which decreases the
estimation error between filtered and reference signals. The
same analysis can be extended to other segments of the
exoskeleton, see Figure 4.

To verify the efficiency of the filters in the presence
of parametric uncertainties, both processes were executed
varying the components of the system matrices. It is assumed
variations from 0 to 20% of nominal values, and such random
variations can be increasing or decreasing amplitude of the
value. Furthermore, to have statistical support 100 repetitions
to these experiment were performed. Figure IV shows the
median values for each parametric uncertainty value. For
the no uncertainty case, the MKF approach presents an
improvement of 38.29% compared with KF.
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V. CONCLUSIONS

A MJLS-based position estimation approach for lower
limbs exoskeletons is presented in this paper. Unlike the stan-

dard position estimation approaches, where an individual link
configuration of the inertial sensors are used, the proposed
approach considers a collective modeling of all inertial sen-
sors attached to the device, combining them in a Markovian
estimation model. To show its efficiency, a set of simulations
considering the kinematic model of an exoskeleton for lower
limb, with four IMUs and three encoders attached to it,
are performed. The results show the proposed Markovian
estimation model has great advantage over the conventional
model, with an improvement on the average estimate error,
even assuming a wide range of parametric uncertainties. The
biggest challenge to implement this on the physical platform
will be associated with the synchronization of the signals,
and the correct alignment of the IMUs.
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Fig. 3. Body/trunk segment. (a) KF signals; (b) MKF signals; (c) KF signals (zoom); (d) MKF signals (zoom).
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Fig. 4. Foot segment. (a) KF signals; (b) MKF signals; (c) KF signals (zoom); (d) MKF signals (zoom).
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