
Comparison of Linearized Dynamic Robot Manipulator Models for
Model Predictive Control

Jonathan S. Terry Levi Rupert Marc D. Killpack

Abstract— When using model predictive control (MPC) to
perform low-level control of humanoid robot manipulators,
computational tractability can be a limiting factor. This is
because using complex models can have a negative impact on
control performance, especially as the number of degrees of
freedom increases. In an effort to address this issue, we compare
three different methods for linearizing the dynamics of a robot
arm for MPC. The methods we compare are a Taylor Series ap-
proximation method (TS), a Fixed-State approximation method
(FS), and a Coupling-Torque approximation method (CT). In
simulation we compare the relative control performance when
these models are used with MPC. Through these comparisons
we show that the CT approximation method is best for reducing
model complexity without reducing the performance of MPC.
We also demonstrate the CT approximation method on two real
robots, a robot with series elastic actuators and a soft, inflatable
robot.

I. INTRODUCTION

Interest in robots interacting with unstructured or dynamic
environments has led to the development of robot platforms
with compliance in the joints and/or links. This decreases
potential for causing harm to a human, the robot, or its
environment. However, compliant robot manipulators are
generally more difficult to control precisely, especially with
a large number of degrees of freedom (DoF) such as for
humanoid robots.

We have recently shown that model predictive control
(MPC) is capable of enabling control of extremely under-
damped and compliant systems [1] and can perform better
than some other approaches [2]. Although it is possible to
generate trajectories that slowly move compliant platforms
through their workspace, the idea in using MPC to both
generate the trajectory and the control is to test the limits
of what is possible in terms of smooth, fast motion for
compliant robots.

In this work, we compare three different methods for
linearizing robot manipulator dynamics and implement each
linear model in an MPC controller in simulation. As part
of the analysis, the controllers are implemented on the first
three links of a simulated Baxter robot, holding the last four
links at a constant angle. Control performance and robustness
is then analyzed with respect to the implemented models.
Finally we implement control on a real Baxter robot and on
Nightcrawler, a pneumatically actuated soft robot developed
by the company Pneubotics as shown in Figure 1. The
contributions of this paper include:

• Development of the Coupling-Torque (CT) method for
linearizing.

• Comparison of MPC using the three methods of lin-
earization (TS, FS, and CT).

Fig. 1: Nightcrawler soft robot platform developed by
Pneubotics mounted on K-REX rover at NASA Ames rover-
scape.

• Formulation of MPC for robots with significant com-
pliance at the joints using the FS and CT linearization.

• Implementation of CT method on two real robots and
initial testing of the FS method on one real robot.

It should be noted that the scope of this work is to compare
the effect of different types of linearization techniques on
the performance of MPC. It is not to compare MPC to other
types of controllers for compliant robot manipulators which
is a different and worthwhile comparison and one which we
have done to a small extent in prior work [2].

The paper is organized such that we first discuss other
related work in II. We present the dynamic model that we use
in Section III. We then describe three different linearization
methods for the dynamic models in Section IV. In Section V
we compare the state predictions of each of the linearization
methods to that of the nonlinear model over a given time
horizon. In Section VI, we show the nominal performance of
each model with a robot in simulation and in Section VII we
show how inaccuracies in model parameters affect controller
performance. Finally, in Section VIII we show results from
CT-MPC on two real compliant robot arm platforms.

II. RELATED WORK

Model Predictive Control (MPC) has been used to suc-
cessfully control systems in many different industrial ap-
plications, particularly those with slow, complex dynamics
such as chemical plants [3]. More recently, as computer
processing and efficient optimization methods have improved
[4], [5], MPC has been demonstrably useful to control sys-
tems with fast dynamics, such as a robot manipulators [6]–
[12]. However, robot manipulator dynamics are nonlinear and
highly coupled, which requires either nonlinear optimization



algorithms for MPC or a method for linearizing the dynam-
ics. For complex models such as robot manipulators with
high DoF, nonlinear optimization requires special adaptations
or is often too slow for real-time applications. Instead, we
have employed several different strategies for handling the
nonlinear dynamics.

Hedjar et al employed a Taylor Series approximation to
simplify robot manipulator dynamics [13]. Various other
simplification methods have been based on decoupling the
dynamics [14], [15]. Duchaine et al have used a simplified
predictive control, derived from velocity control schemes
[16]. Lastly, feedback linearization is a commonly used
method in many applications, with or without MPC [2], [6],
[17]–[19]. However, using feedback linearization with MPC
would require modifying the available torque as a constraint
at each time step and it does not respond well to unmodeled
disturbances or contacts which is one of the main motivations
for using compliant robots.

Ling et al [20], developed a segmented version of MPC,
which they refer to as Multiplexed MPC (MMPC). MMPC
is similar to the Coupling-Torque method used in this work,
where both serve as a method for reducing complexity for
computation speed. However the Coupling-Torque method
shown in this work is shown to not only reduce compu-
tational complexity but is also a method for linearizing
nonlinear systems (see section IV-C).

III. MODELS

The models used in this work are all based on the standard
equations of motion of a serial manipulator (see [21]):

M(q)q̈ + C(q, q̇)q̇ + F(q̇) + G(q) + J(q)Tf = τ (1)

where M(q) is the mass matrix, q, q̇, q̈ are vectors of joint
angles, velocities, and accelerations respectively, C(q, q̇) is
the Coriolis matrix, F(q̇) is friction, G(q) is torque due
to gravity, J(q)Tf are contact forces, and τ is the applied
joint torques. Note that in this paper all matrices are upper
case bold, all vectors are lowercase bold and all constants
are lowercase non-bold. We next treat the specifics of the
dynamics for each robotic platform that we consider (either
in simulation or real world) separately.

A. Baxter

In this work, for a Baxter 7-DoF humanoid robot from
Rethink Robotics), we assume that a low level controller
accurately compensates for gravity, that friction is negligible
(gearing friction is negligible because of the high-bandwidth
joint torque controller based on feedback from the load-side
series elastic actuators), and that the robot experiences no
contact forces. Therefore we reduce Eq 1 to

M(q)q̈ + C(q, q̇)q̇ = τ (2)

Eq 2 is nonlinear for any robot arm with rotary joints, and
grows in complexity with the addition of each joint. For some
of the nonlinear terms that we neglected in this case, they
can easily be incorporated back into the Coupling-Torque
method (see Section IV-C).

An impedance model is used to calculate torque from
commanded joint angles (qdes) with Kp and Kd as diagonal
matrices containing proportional and derivative gains, and
q and q̇ as the current joint angles and velocities. When
controlling, the optimization for MPC will treat qdes as
the input to manipulate, which acts as a virtual spring and
damper pulling on the arm as follows:

τ = Kp(qdes − q)−Kdq̇ (3)

For our experiments, we have set Kp and Kd to be very
low, causing the arm to be underdamped. The motivation
for this is twofold. First, underdamped dynamics are often
safer for scenarios where we expect the robot to interact with
people or the environment. Second, many of the other robots
we wish to control are pneumatically actuated soft robots that
are inherently underdamped. Eq 3 is then substituted into Eq
2 to obtain Eq 4, which is the model we explore linearizing
in this paper.

q̈ = M(q)−1[Kp(qdes − q)− (C(q, q̇) + Kd)q̇] (4)

The general state variable structure used in this work is as
follows:

ẋ = A(x)x + B(x)u (5)

where
x =

[
q̇ q

]T
(6)

u = qdes (7)

A(x) =

[
−M(q)

−1
(C(q, q̇) + Kd) −M(q)

−1
Kp

I 0

]
(8)

B(x) =

[
M(q)

−1
Kp

0

]
(9)

B. Nightcrawler

Nightcrawler is a pneumatically actuated serial manipula-
tor (see Figure 1) similar to soft robots in our past work [1],
[7]. However, the valves that actuate this robot have been
moved to be on the links. This adds significantly more mass
in this robot than in previous work, making Nightcrawler
more underdamped, underactuated, and harder to control.

Each joint in Nightcrawler has two antagonistic actuators
that create torque as they are pressurized as shown in Figure
2. The states for this platform are not only the joint positions
and velocities (q̇,q) but also include the pressure in each of
the actuators represented by p+ and p−. p+ is a vector
of all the pressures that cause positive actuation referenced
from each joint and p− is the same but for all pressures that
cause negative actuation. All other coefficients or matrices
that have the + and − notation correspond with actuation
that produce either positive or negative torque. We start with
Eq 2 and then add extra terms into the torque descriptions
as shown in the following equation:

τ = Kpq−Kdq̇ + τ+(p+)− τ−(p−) + M−1(q)G(q) (10)

where Kp and Kd are diagonal matrices that model the
joint stiffness and damping, τ+(p+) and τ−(p−) are the



Fig. 2: Antagonistic torque model for the antagonistic actu-
ators.

torques caused by all the positive or negative acting actuators
respectively, and M−1(q)G(q) is the torque the actuators
need to apply to oppose gravity. The only friction term
that we include in the model of Nightcrawler is viscous
damping, which is included in the term Kd, and we neglect
any Coulomb friction because there is no gearing on this
platform. The torque is modeled to be linearly related to the
pressure in the actuator as shown in Eq 11:

τ = γp (11)

For this work we assume the pressure in the actuators behave
as first order systems as described by Eq 12 and neglect any
nonlinearities.

ṗ = αp+ βpdes (12)

where α, β and γ are constant values determined empirically.
The state variable equations used for this platform are as

follows:

ẋ = A(x)x + Bu + M−1(q)G(q) (13)

where
x =

[
q̇ q p+ p−]T (14)

u =
[
p+
des p−

des

]T
(15)

A =


−M−1(C + Kd) −M−1Kp M−1K+

γ −M−1K−
γ

I 0 0 0
0 0 K+

α 0
0 0 0 K−

α

 (16)

and

B =


0 0
0 0

K+
β 0

0 K−
β

 (17)

In Eq 16, the dependence of A, M, and C on the state
x is not shown for readability. All K matrices are diagonal
matrices that contain the different coefficients for the respec-
tive joint pressures and were found through empirical data.
These equations are used to control Nightcrawler using both
the FS and CT methods as described in section VIII.

IV. DISCRETIZATION AND LINEARIZATION METHODS

For our work we use three different strategies to linearize
the models described in the previous section. We begin
with Taylor Series to obtain a benchmark linearization, and
progressively simplify the model by assuming that terms
which are functions of q and q̇ are constant over a given

horizon (Fixed-State method), and then by decoupling the
dynamics of each link from the other links to create a
scalable linear model (Coupling-Torque method). Each of
the linear state space models described below are discretized
using the matrix exponential resulting in the following form
for the dynamic model:

xk+1 = Adxk + Bduk (18)

A. Taylor Series Linearization

We first use Taylor Series linearization (TS), linearizing
about the current states. The partial derivatives for the TS
method were performed numerically due to practical limita-
tions for symbolic differentiation in our simulation software.
TS is a standard method for linearizing equations and is
primarily used in this work as a benchmark against which
to compare the other two methods. TS linearizes the state
space model as follows:

δẋ =

[∂q̈
∂q̇

∂q̈
∂q

I 0

]
δx +

[ ∂q̈
∂qdes

0

]
δu + f(x0, u0) (19)

Generally the Taylor Series is used to linearize an equation
about an equilibrium point, which results in f(x0, u0) =
0, where x0 and u0 are the equilibrium states and inputs,
respectively. However, we are linearizing about the current
states, so f(x0, u0) must be retained. The first two terms
in Eq 19 are discretized by using the matrix exponential as
described before and the last term is discretized by evaluating
Eq 5 at the beginning of the time horizon and multiplying
by ∆T to get:

∆T

[
q̈0

q̇0

]
(20)

where ∆T is the time step size. Eq 20 which replaces the last
term in Eq 19 for the discrete formulation. We only explore
this method for controlling Baxter in simulation.

B. Fixed-State

The implementation of the Fixed-State (FS) method is
dependent on the type of controller used. In this paper the
FS implementation is similar to that in [2], [8], [22]. For the
FS method, A and B (Eqs 8-9 for Baxter, and Eqs 16-17
for Nightcrawler) are evaluated at the current states, and are
assumed to be constant for a given horizon. The system is
then discretized.

C. Coupling-Torque

The Coupling-Torque (CT) method is similar to the FS
method but makes a further simplification. The FS and TS
both use a dynamic model that includes cross-coupling in the
joints. However, the CT method decouples the dynamics of
the arm, allowing for the input of each link to be optimized
independent of the other links for a given time horizon.
Dynamic coupling occurs because of the torques generated
from the motion of other links in the arm, and is expressed
mathematically via the Coriolis and inertial terms. The CT
method treats these coupling torques as a constant known
disturbance over the horizon duration. This strategy makes



the CT method computationally scalable to more degrees of
freedom than the other two methods.

The general equation that MPC uses for its forward
prediction when using the CT method are as follows for
joint i, ∀i = 1 . . . n where n is the number of joints:

xk+1,i = Ampc,ixk,i + Bmpc,iuk,i + dmpc,i (21)

For Baxter, each of the terms in Eq 21 are defined as follows
(where ai,j and bi,j are the entries in the ith row and jth
column of Ad and Bd from Eq 18):

Ampc,i =

[
ai,i ai,j
aj,i aj,j

]
(22)

Bmpc,i =

[
bi,i
bj,i

]
(23)

xk,i =
[
q̇k,i qk,i

]T
(24)

uk,i = qdes,k,i (25)

dmpc,i =
[
dq̇,i dq,i

]T
(26)

where

dq̇,i = q̇1,i − ai,iq̇0,i − ai,jq0,i − bi,iqdes,0,i (27)

dq,i = q1,i − aj,iq̇0,i − aj,jq0,i − bj,iqdes,0,i (28)

j = i+ n

For Nightcrawler, the Ampc,i and Bmpc,i terms in Eq 21 are
defined as

Ampc,i =


ai,i ai,j1 ai,j2 ai,j3
aj1,i aj1,j1 aj1,j2 aj1,j3
aj2,i aj2,j1 aj2,j2 aj2,j3
aj3,i aj3,j1 aj3,j2 aj3,j3

 (29)

Bmpc,i =


bi,i bi,j1
bj1,i bj1,j1
bj2,i bj2,j1
bj3,i bj3,j1

 (30)

with

j1 = i+ n

j2 = i+ 2n

j3 = i+ 3n

The other terms are defined as follows:

xk,i =
[
q̇k,i qk,i p+k,i p−k,i

]T
(31)

uk,i =
[
p+des,k,i p−des,k,i

]T
(32)

dmpc,i =
[
dq̇,i dq,i dp+,i dp−,i

]T
(33)

where

dq̇,i = q̇1,i − ai,iq̇0,i − ai,j1q0,i−
ai,j2p

+
0,i − ai,j3p

−
0,i − bi,ip

+
des,0,i−

bi,j1p
−
des,0,i + M(q0)−1G(q0)i

(34)
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Fig. 3: Comparing linearized models to the nonlinear dynam-
ics for a simulation of Baxter’s first joint immediately after
a 20 deg step in qdes. Two prediction horizons of 30 time
steps (with 0.005 s per step) are shown.

dq,i = q1,i − aj1,iq̇0,i − aj1,j1q0,i−
aj1,j2p

+
0,i − aj1,j3p

−
0,i−

bj1,ip
+
des,0,i − bj1,j1p

−
des,0,i

(35)

dp+,i = p+1,i − aj2,iq̇0,i − aj2,j1q0,i−
aj2,j2p

+
0,i − aj2,k3p

−
0,i−

bj2,ip
+
des,0,i − bj2,j1p

−
des,0,i

(36)

dp−,i = p−1,i − aj3,iq̇0,i − aj3,j1q0,i−
aj3,j2p

+
0,i − aj3,j3p

−
0,i−

bj3,ip
+
des,0,i − bj3,j1p

−
des,0,i

(37)

ai,j and bi,j are again the entries in the ith row and jth
column of Ad and Bd from Eq 18. dmpc,i is the torque
generated from the motion of the other links. When imple-
mented in the controller, dmpc,i is calculated at the current
states and then held constant over the MPC horizon.

To reiterate, the significance of this method is that it
reduces the state variable matrix Ad (mn ×mn) to Ampc

(m×m), where m is the number of states and n is the number
of links. This greatly simplifies the MPC optimization, which
improves computational tractability.

V. MODEL ACCURACY

Each of these model simplifications were compared, in
simulation, to the full nonlinear model for Baxter (Eq 4) to
examine the impact of each of the simplifying assumptions
(Fig 3). This also helps to determine a reasonable horizon
length when these linearized models are implemented in
MPC (assuming that the nonlinear model sufficiently rep-
resents reality). In these tests, Eq 4 (black line) is simulated



with qdes (dark green line) as a step input and initial
conditions of q = q̇ = 0. After 30 time steps the linearized
model simulations (light green, red, and blue dotted lines)
are terminated and restarted with the current true states from
the Eq 4 simulation, and are evaluated independently of
one another. This gives an idea of the significance of the
deviations introduced by each linearization method. Greater
deviations between the nonlinear and linear simulations im-
ply that simplifying assumptions made for that linear model
are more significant and will, presumably, negatively impact
MPC performance.

Step changes of 20 deg were commanded simultaneously
to all three joints in simulation, but for clarity only the first
joint is shown in Fig 3. The first horizon is from t = 0.05
- 0.2 s, and the second horizon from t = 0.2 - 0.35 s. Both
horizons are 30 time steps, with increments of 0.005 seconds.

In Fig 3, the TS linearization does not approximate the
nonlinear model as well as FS and CT. This surprising result
is likely due to the fact that our TS approximation only
uses the first term of the Taylor Series, so that the resulting
approximation would be linear. By including more terms
from the Taylor Series the TS method is expected to better
approximate the nonlinear model, but then the approximation
would not be linear and would not serve the intended purpose
of this work to make MPC more tractable.

Determining the necessary accuracy for a model to per-
form well with MPC is a difficult problem. However, the
key point in this paper is that we show that the accuracy of
the CT model (which is the simplest model) is comparable
to the TS model and that both give comparable closed-loop
performance as shown in Section VI.

VI. CONTROL PERFORMANCE

For this work, the MPC algorithm was formulated by first
calculating the current states and model using the methods
described previously. Then we send the model, current states,
and cost function weights to an optimization routine which
returns the control inputs and predicted corresponding states
that minimize the cost function for a given horizon. The
length of the horizon (in time) is determined by the number
of time steps given to the optimizer, and the rate at which the
controller is run. Only the inputs returned for the first time
step are implemented on the platform, then the updated states
(which are measured) are sent to the MPC optimization and
the process is repeated.

A. Optimization Framework for Baxter

MPC for Baxter operated using the following cost func-
tion:

argmin
qdes

Tc∑
k=0

(
‖qgoal − qk‖2α + ‖q̇k‖2β

+ ‖qdes,k+1 − qdes,k‖2γ

) (38)

where qgoal is the target angle, α, β and γ are weights, ∆T
is the step size and Tc is the horizon length (set to 20 time
steps in this work). This formulation allows the optimizer to

manipulate qdes as the system input, utilizing Kp and Kd

as a virtual spring and damper on the system. The first term
in Eq 38 drives the system to the desired joint angle, the
second term prevents the link from moving too quickly, and
the third term prevents the controller from changing qdes

too aggressively.

B. Optimization Framework for Nightcrawler

The controller used for Baxter was modified for
Nightcrawler as given by the following equations:

argmin
p+des,p

−
des

Tc∑
k=0

(
‖qgoal − qk‖2α +

∥∥∥p+
des,k+1 − p+

des,k

∥∥∥2
β

+
∥∥∥p−

des,k+1 − p−
des,k

∥∥∥2
β

)
+‖q̇Tc

‖2γ (39)

s.t.

pmin ≤ p+,−
des,k ≤ pmax,∀k = 0 . . . Tc

p+,−
des,k+1 − p+,−

des,k = 0,∀k = Tc − 5 . . . Tc

(40)

The first term in Eq 39 drives the joint angles to a desired
position, the second and third terms limit the rate at which
the pneumatic actuation can change, and the last term limits
the velocity of the arm at the final time step to reduce
overshoot and residual oscillation. The first constraint in
Eq 40 restricts the optimization’s search space to physically
feasible pressures for the actuators. The second constraint
requires that the actuation pressure not change for the last 5
steps of the horizon, causing the controller to be less greedy
which results in smoother performance.

C. Simulation of Baxter Model and Controller

For simulations and modeling, system parameters such as
inertia, mass, and center of mass were used as given by the
manufacturer of the Baxter robot. Simulations were run in
MATLAB, using the Robotics Toolbox developed by Peter
Corke [21], with all simulated controllers running at 300
Hz. MPC optimizations were performed using CVXGEN
[4]. The results of the simulated MPC response are shown
in Figure 4 and Table I. For continued reference in this
paper TS-MPC, FS-MPC, and CT-MPC refers to MPC based
on linearized models using Taylor Series, Fixed-State, and
Coupling-Torque methods, respectively. The values in the
table are an average over four step tests, while only one
step test is shown in Fig 4.

The process of tuning the multi-objective cost function
weights presents a significant difference between the three
linearization methods. The cost functions, as formulated in
Eqs 38 and 39, have three weighting parameters (α, β,
γ) per link. When running TS-MPC and FS-MPC on three
links, this means that the optimizer is minimizing a cost
function with nine different terms. In contrast, CT-MPC
runs three optimizers independently (one for each link),
each of which minimizes a cost function with only three
terms. The formulation of TS-MPC and FS-MPC creates an



TABLE I: Step test results

90% Rise Time (s) ±5% Settling Time (s) Overshoot (%)
TS-MPC
Link 1 0.11 0.12 0.6
Link 2 0.08 0.12 8.6
Link 3 0.07 0.09 0.0
FS-MPC
Link 1 0.10 0.28 62.2
Link 2 0.10 0.23 5.0
Link 3 0.06 0.19 22.4
CT-MPC
Link 1 0.11 0.16 11.7
Link 2 0.14 0.23 7.8
Link 3 0.11 0.23 7.6
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Fig. 4: MPC on three links of a simulated Baxter robot, using
three different linearization methods.

interdependence between the tuning parameters in the cost
function. Although there is still some interdependence when
tuning CT-MPC (via the movements of the links only) it is
to a significantly smaller degree than the other two methods.
At least qualitatively, this makes the process of tuning the
cost function weights easier for CT-MPC than for the other
two linearization methods.

VII. CONTROLLER ROBUSTNESS

A large source of potential error for MPC is in how
well the controller model matches reality. In addition to the
comparison to the nonlinear model in Section V, controller
robustness was tested in simulation using the Baxter model
by perturbing different model parameters. A first test was
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Fig. 5: MPC with simulated Baxter robot using the three
linearization methods and Kd increased by a factor of 3 to
simulate parameter misidentification.

preformed by perturbing the dynamic parameters (inertia and
mass) of the Baxter arm model by ±100%. This perturbed
model was then used to control Baxter in simulation using
TS-MPC, FS-MPC, and CT-MPC. Parameters were left un-
changed for the simulated robot to see how well MPC could
perform for each method when the model used for control
was significantly different than the system being controlled.
In this test, the TS-MPC quickly became unstable for all
three links, whereas FS-MPC and CT-MPC showed almost
no impact from the model perturbation. This is remarkable,
considering that it is unlikely that actual dynamic parameters
would be estimated with that degree of error.

For the second robustness test we increased the controller’s



(a) Pose 1 (b) Pose 2

Fig. 6: Poses used in tests referenced in Section VIII-A

values for Kd by a factor of 3 (which is like assuming larger
viscous friction). Here, TS-MPC performed the best with
the parameter misidentification. Each of the methods were
negatively impacted in terms of overshoot and settling time,
but rise time was not significantly impacted. Again, this is
an unrealistically large error in Kd, showing the robustness
of MPC to inaccurate parameters for all three linearization
methods.

VIII. HARDWARE IMPLEMENTATION

A. MPC on Baxter

CT-MPC was implemented on all 7 links of a physical
Baxter robot, and was run at 200 Hz. Due to difficulties with
scalability, TS-MPC and FS-MPC were not implemented on
Baxter. In [2], the authors compared MPC to other control
methods for underdamped systems on a physical Baxter
robot. The model was linearized with what was essentially
the FS method but, due to the scalability limitations al-
ready mentioned for large DoF, the controllers operated on
Cartesian position only. This allowed the full 7-DoF arm
to be controlled while only optimizing for three DoF by
controlling for end effector position but not orientation. End
effector position error was measured while moving between
two different poses (Fig 6).

Figure 7 shows a comparison between the position error
from [2] and CT-MPC from this work. CT-MPC performs
similarly well to MPC from [2] for position error. This is
remarkable, considering the extensive simplifications the CT
method makes, and shows that the method is scalable to at
least 7-DoF. Computational limitations that prevented the FS
method from scaling very well in [2] are not a problem for
the CT linearization method. The TS linearization has similar
scalability problems. Additionally, CT-MPC has the potential
to obtain similar accuracy with respect to orientation because
it is directly controlling all 7 links of the arm, and not just
optimizing in Cartesian position space.

B. MPC on Nightcrawler

Both the FS-MPC and CT-MPC methods were tested on
three DoF of Nightcrawler. Figure 8 shows the results of
the CT-MPC on Nightcrawler running at 200 Hz with step
commands of 30◦ for Links 1 and 3 and a 20◦ step for Link
2. The CT-MPC has excellent performance with very little
overshoot or residual oscillation. These results are significant

Fig. 7: Distance from goal position versus time as Baxter
arm steps from Pose 1 to Pose 2 in the top graph and from
Pose 2 to Pose 1 in the bottom graph.

because, as stated in Section III, Nightcrawler has more mass
and dynamics that are more difficult to control than our
human-scale soft robots in previous work [1], [7].

When testing the FS-MPC we were not able to get any
substantial data to show that it is an effective control method
for high dimensional and complex systems with unmodeled
non-linerarities like Nightcrawler (ie. a 3 DoF robot with
4 states per DoF). After a significant amount of tuning the
FS-MPC still had over 30◦ of steady state error for any step
command and could only run at a maximum rate of 20 Hz. As
the different weights for each joint were tuned they would
adversely effect the performance of the other joints. With
additional tuning the FS-MPC may have been able to perform
as well as, or better than, the CT-MPC, but these results
emphasize the strength of using a simpler model that is also
simpler to tune.

IX. CONCLUSION

In future work, we expect that further investigation into
the limits of CT-MPC is important as the number of DoF
for robot control increases. We would also like to explore
the theoretical bounds on approximation error for the three
methods of linearization presented here. Additionally, in the
particular case of controlling soft robots like Nightcrawler,
the dynamics of these platforms can change drastically
simply by picking up a heavy load. Therefore, given the
simplicity of the CT model and the fewer number of free



Fig. 8: CT-MPC on Nightcrawler for 3 joints.

parameters, we expect that this should facilitate performing
adaptive control for soft robots. There is also the possibility
to explore the energy consumption of the different methods
and explore if one method tends towards more energy
efficient control.

In summary, in this paper we compared three methods for
linearizing the dynamic model of a robot arm, and showed
how they affect MPC performance. The TS-MPC performs
the best overall in simulation, but is difficult to scale to higher
DoF at high control rates with current optimization methods.
We demonstrated the utility of CT-MPC by showing that it
has comparable performance to TS-MPC in simulation, and
that it performs well on two physical platforms: Baxter (7
DoF with 2 states per DoF) and Nightcrawler (3 DoF with
4 states per DoF). Accomplishing similar performance with
the TS-MPC and FS-MPC was not possible either due to
computational limitations or difficulty in tuning.
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