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Robots are becoming a popular means of rehabilitation since they can decrease
the laborious work of a therapist, and associated costs, and provide well-controlled
repeatable tasks. Many researchers have postulated that human motor control can be
mathematically represented using optimal control theories, whereby some cost function
is effectively maximized or minimized. However, such abilities are compromised in stroke
patients. In this study, to promote rehabilitation of the stroke patient, a rehabilitation robot
has been developed using optimal control theory. Despite numerous studies of control
strategies for rehabilitation, there is a limited number of rehabilitation robots using optimal
control theory. The main idea of this work is to show that impedance control gains cannot
be kept constant for optimal performance of the robot using a feedback linearization
approach. Hence, a general method for the real-time and optimal impedance control of
an end-effector-based rehabilitation robot is proposed. The controller is developed for
a 2 degree-of-freedom upper extremity stroke rehabilitation robot, and compared to a
feedback linearization approach that uses the standard optimal impedance derived from
covariance propagation equations. The new method will assign optimal impedance gains
at each configuration of the robot while performing a rehabilitation task. The proposed
controller is a linear quadratic regulator mapped from the operational space to the joint
space. Parameters of the two controllers have been tuned using a unified biomechatronic
model of the human and robot. The performances of the controllers were compared
while operating the robot under four conditions of human movements (impaired, healthy,
delayed, and time-advanced) along a reference trajectory, both in simulations and
experiments. Despite the idealized and approximate nature of the human-robot model,
the proposed controller worked well in experiments. Simulation and experimental results
with the two controllers showed that, compared to the standard optimal controller,
the rehabilitation system with the proposed optimal controller is assisting more in the
active-assist therapy while resisting in active-constrained case. Furthermore, in passive
therapy, the proposed optimal controller maintains the position error and interaction
forces in safer regions. This is the result of updating the impedance in the operational
space using a linear time-variant impedance model.

Keywords: optimal impedance control, linear quadratic regulator, operational space, rehabilitation manipulandum,
human-robot interaction, stroke rehabilitation
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FIGURE 5 | RMS of active muscle activations in three modes using OIC (solid fill) and SOIC (crosshatch fill). Circled numbers are corresponding to the active muscle
numbers.

FIGURE 6 | Operational space normalized interaction force and position error in four modes of simulations while controlling the robot with (A) OIC, (B) SOIC.
Subscripts || and L indicate the tangent and normal directions, respectively.

horizontal plane to show similar trends to the approximate  amount of assistance (in the delayed condition) or resistance
and highly idealized simulation model. Both in experiments  (in the time-advanced condition) for the OIC is slightly more
and simulations, tangential interaction force plots show that the ~ than the SOIC. Both in simulations and experiments, normal
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FIGURE 7 | Operational space normalized interaction force and position error in four modes of experiments while controlling the robot with (A) OIC, (B) SOIC. The
shaded area denotes twice the standard deviation at each instance of experiment.

interaction force amount in the impaired hand movement mode  and this is because of the LTV impedance model of the controller.

for the OIC is not more than the SOIC, while for the other modes, ~ One cannot see this nonlinear relationship because the robot’s

the OIC results in higher values than the SOIC. This is because  frictional forces have changed the system behavior and made it

the position error in the normal direction is reduced by the linear.

OIC. However, the normal position error for the impaired hand Regarding the controller structure, for the OIC, the state-

movement mode in the SOIC is significantly more than the OIC.  space model is controllable and observable because at each

This shows that the optimal performance of the SOIC, especially ~ operational point (and any intermittent interval), € and O are

in experiments, has failed to deal with impaired patients. The  rank 4; furthermore, the dominant pole position of the LQR

tangential position error is similar for both controllers. controller (which is the closest eigenvalue of [Aq — BK] to
In simulations with the SOIC (Figure 6), after 3 s of the the imaginary axis) at each operational point has a negative real

simulation, normal position error for the time-advanced hand  value, which makes the system critically damped. On the other

movement is strictly increasing, and this will result in instability ~ hand, the optimum values of SOIC are such as to result in an

issues. However, this does not happen in experiments, since robot ~ under-damped system with a damping ratio of v/2/2.

instability limited the selection of higher gains for the SOIC.

Thus, in experiments, the robot in the SOIC is set to be more 5 CONCLUSION

compliant. In simulations for the SOIC, between the position

error and the interaction force, there is a linear relationship which  [p this study, we designed and verified a modified LQR controller

is due to the linear time invariant (LTI) impedance model of the (.., OIC) for optimal impedance control, which indirectly
controller. However, for the OIC this relationship is nonlinear,  considers the operational space and interaction forces. This
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modified LQR controller was compared to the SOIC (which is
based on the feedback linearization approach). Despite some
similarities to the SOIC, the OIC has proven to be more efficient
in passive, active-assisted, active-constrained therapy since it
updates the impedance gains optimally during a reaching task
(at different robot configurations). Physiologically, this efficient
behavior causes less muscle activations in active-assisted therapy.
Dynamically, the controller is more robust to disturbances caused
by unknown dynamics, and the tracking error and interaction
force are in a safer region.

Since the QUARC software does not support online LQR gain
adjustments using an LQR s-function during experiments, an
offline gain selection is done based on the desired configuration
of the robot. In online gain selection, the gains are updated
based on the current configuration of the robot. Hence, in offline
gain selection, the implemented controller can be classified
as an optimal passive trajectory tracking controller. In recent
experiments, we managed to perform online gain adjustment
with MATLAB’s built-in LQR controller, but the results were
similar to the offline gain selection results presented in this
paper. In the offline gain selection experiments, we generated
different modes similar to the simulations. In other words, we
maintained the current configuration of the robot close to the
desired configuration. That is why, similar results from the
offline and online gain selection experiments are obtained. The
controller’s computational cost is the same as that of the SOIC,
even if the LQR gains are adjusted online. In OIC, therapists will
be able to modify the controller with a single parameter c in (36),
which represents the effort/state balance weight; the inclusion of
asingle calibration parameter contributes to the superiority of the
OIC over SOIC.

Here, an integrated human-robot dynamic system is used to
fine-tune the controller gains. This method is advantageous for
efficient tuning of the robot controllers in experiments. A good
qualitative agreement between experiments and simulations
verifies the effectiveness of this method.

Our proposed controller and tuning method can be
used in any rehabilitation manipulandum system. Possible
improvements for this method are as follows. First, for a
linear robot model, the OIC assumes an apparent mass for
the robot equal to its mass matrix, while the SOIC permits
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APPENDIX A: SATISFYING THE
IMPEDANCE MODEL

By applying the control law (25) and (26) to the robot dynamics
(27) and substituting uy from (6), we get:

KXq + Tr(qa> 4> Ga) — T pgFext = Tr(Q, G, @) (A1)

Using Taylor series expansion and (13), (A1) can be rearranged
as:

~ ar ~ or ~
]ngext = Kiq + Mqu + TRJ q+ TRJ q
9 Jg=qu.9=a4 9 Jg=qu.4=44
=Mgq [0 I]xq+[Kp Kp |, (A2)
where:
K=[K; K],
Kp = BFRJ + K,
99 Jq=q .4=d4 (A3)
Kp = %J -+ K
9=94.9=94

The following equations can be derived from (20):

[g4]

[ %)~ 0

— %) 5 0Z) 7 05)

Jra ©
X 1=
Jra Tra

} Xz = TLX5,(A4)

Thus, (A2) can be written as:
JiaFext = Mea[0 T]T5x5
+ Mpy [ 0l ] ‘Zg:’ig + []Kp Kp ] ‘I%’iz (A6)

(A6) is corresponding to the LTV impedance model (8), if:
Mimp = (0%, "Mpa(U%,) 7",

Bimp = J2) " TKp(%,) ™ — 2MinpJ 2,057,
Kimp = (]Ed)_TKP(]Ed)_l - (Mimpjlgd + Bimpjlgd) (]Ed)_l~

(A7)
APPENDIX B: CHOOSING LQR GAINS
Matrices Qy, and Ry have diagonal weights:
Qx = Di.ag (Q31,052,Q53,Qs4), (A8)
Ry = Diag (Rx1, Rx),

where these weights are chosen such that the cost function results
in the allowable error associated with the state or effort, in other

TABLE A1 | Experimental values of the OIC coefficients.

Yiol Yiol2 Ytoi3 Ytola Ftor Ftol2 c
1 1 100 10

gg M g m 1m/s Wm/s 10N = N 1

TABLE A2 | Experimental values of the SOIC coefficients.

Mimp1 Mimp2 Ytolt Ytol2 Ftort Ftolo
2.2kg 2.2kg g5 m 45 m 10N 10N

in which yy,x and Fy i are the allowable amount of the
k™ element of the state (Xx) and effort (Fyx) vector errors,
respectively. These weights should also be adjusted such that
the (A7) results in positive definite impedance gains. Coefficient
¢ > 0 will be controlled by the therapist to adjust the effort/state
balance. The coefficients of the experiments for the OIC are given
in Table 1.

APPENDIX C: STANDARD OPTIMAL
IMPEDANCE CONTROL

For the robot dynamics (27), using nonlinear feedback
linearization (inverse dynamics approach), we define the control
law as (Siciliano et al., 2009):

Tr = J Fex + Tr(Q, G, %), (A10)

where g is the outer loop control law and is defined such that
it changes manipulator behavior to a linear impedance under
interaction force error. In other words, it is desired to have
the linear impedance model in the operational space as in (8)
with time invariant coefficients. This impedance model can be
achieved if the outer loop control law is defined as:

2 =T ReMy, L, (Minp(b — JEQ) + B+ Kinp ™ + %)
(A1)
where:

b=RLj,— wsp” +wxwsp> + wxRL(UrG — 26,),
J¥ =RLjr — wxRIJp,

Ry = wxRy,

|0 -6 =
Wy = |: 9'2 0 i| .
(A12)
For this controller, with a predefined diagonal mass coefficient

matrix, the standard optimum stiffness and damping are as
follows (Hogan, 2017):

My = Diag (Mimp1, Mimp2) »
Binp = Diag (51, fiz ),

Yot * Vtol2

(A13)

. 2P o Mimp1 [ 2F oz Mimpa
words: Kimp — Dlag (\/ roylm“zmp ,\/ toyztdzzmp )
2 P —
: Qsi =y (=14, (A9) The coefficients of the experiments for the SOIC are given in
— (2 -
Ry, = cFij (Gj=1.2), Table 2.
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