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Abstract
Intuitively representing the motion of a snake robot is difﬁcult. This is in part because the internal shape
changes that the robot uses to locomote involve the entire body and no single point on the robot intuitively represents the robot’s pose at all times. To address this issue, we present a method of deﬁning
body coordinate frames that departs from the typical convention of rigidly ﬁxing a frame to a link on
the robot, and instead deﬁne a body frame that is based on the averaged position of all of the robot’s
links. This averaged frame serves as a virtual chassis that effectively isolates the internal motion of the
robot’s shape changes from the external motion, due to the robot’s interaction with its surroundings. This
separation of motion allows much simpler models—such as those derived for wheeled vehicles—to accurately approximate the motion of the robot as it moves through the world. We demonstrate the practical
advantages of using the virtual chassis body frame by estimating the pitch and roll of a snake robot
undergoing dynamic motion by fusing readings from its internal encoders, gyros, and accelerometers
with an extended Kalman ﬁlter.
! 2012 Taylor & Francis and The Robotics Society of Japan
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1. Introduction
Snake robots are a class of hyper-redundant mechanisms [1] consisting of kinematically constrained links chained together in series, whose many degrees of
freedom allow them to navigate a wide range environments. Our group has
developed modular snake robots that rely solely on their internal shape changes
to locomote through their environment [2]. To simplify control of the robot’s
many degrees of freedom, cyclic motions, known as gaits, are used to undulate
the robot’s joints according to parameterized periodic functions, such as sine
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waves [3]. Our research group, as well as others [4], has developed and implemented gaits that can traverse a variety of terrains, including ﬂat ground and
pipes, as shown in Figure 1.
Despite the community’s success in developing snake robot gaits, a signiﬁcant, yet overlooked, challenge remains: how to represent a snake robot’s
motion. In particular, deﬁning a body frame in which to intuitively describe the
robot’s motion in the world is difﬁcult. To illustrate this problem, consider a
simple two-wheeled differential drive robot with a body frame ﬁxed to the center
of the robot’s chassis. Operating such a device is easy, because the notions of
‘forward’ or ‘up’ are clearly deﬁned, and the robot’s wheels propel it smoothly
through the world. Put in more technical terms, the robot’s deﬁnition of pose is
independent from its internal shape changes (the turning of the wheels), and its
controls, which are executed in the body frame, map intuitively into a world
frame. With snake robots, an operator can still control the robot with some sense
of its position and orientation by simply looking at the robot. However, the intuition for this frame lies solely with the operator, and is drawn from observing the
robot as a whole rather than any individual link.

Figure 1. Examples of our snake robot executing the gaits discussed in this paper. From top left to
bottom right: sidewinding, rolling, pipe crawling, and pole climbing.
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Our goal is to formally deﬁne a body frame that embodies this intuition. In
this paper, we show that using a body frame whose origin is the robot’s center
of mass and whose axes are aligned with the robot’s principal moments of inertia
is one where the intuitive notions of position and orientation prevail. We refer to
this frame as a virtual chassis because, like the chassis of a car, it isolates a
robot’s internal shape changes from its external motions, allowing us to think of
snake robots more like wheeled vehicles.
Even though the virtual chassis itself is just a choice of body frame, we can
use it to aid in the planning and estimation of snake robots. For example, we
can leverage the advantages of the virtual chassis to enable the accurate estimation of the robot’s orientation using its internal gyros and accelerometers. Normally, this would be a difﬁcult task, since we lack an accurate model for how
the robot moves in the world in response to its internal shape changes. However,
we show that by using the virtual chassis, rather than a ﬁxed body frame, we
can greatly simplify the apparent motion of the robot through the world. This
allows a generic constant velocity model to be successfully used as the
underlying model of the state estimator, even for very dynamic motions.
2. Prior Work
There is a signiﬁcant amount prior work in the study of the motion of biological
snakes [5,6] and snake robots [1,7–14], these being only a selection of the works
available. More recent research on both biological snakes [15] and robotic snakes
[16,17] has focused on a snake robot’s interaction with its environment during
locomotion. While such work is undoubtedly leading to fundamental scientiﬁc
discovery, our work takes a different perspective in which we do not directly
consider robot interaction with the world. Instead, our approach seeks ways to
formally represent the macroscopic motion of the robot, allowing us to abstract
away the details of ground contact and friction.
Using an averaged approximation of a system as a way of providing intuition
to a system’s analysis and control has been explored in other contexts. For planar
swimming systems, Shapere and Wilczek [18] use the center of mass and principal axes to deﬁne body frames for irregularly shaped bodies. In the ﬁeld of
humanoid robotics, Kajita et al. [19] use the pseudo inverse of the inertia matrix
to quickly generate whole body motions where the linear and angular momenta
are controlled.
In many ways, our work is inspired by the work of Hatton and Choset [20],
who demonstrate that a good choice of body frame can greatly simplify motion
planning for planar systems. By exploiting a system’s known dynamics, they are
able optimize the coordinate frame to be one in which a locomoting system
moves the least in response to changes in its shape. Using these minimum
perturbation coordinates, they are able to identify effective gaits by representing
the system dynamics as geometric functions over the system’s shape space.
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While we lack the speciﬁc constraints needed to deﬁne optimal coordinate
frames in their manner, our work draws on their observation that their optimal
body frame is often aligned with the intuitive notions of center of mass and
mean orientation.
There is a wealth of prior work for state estimation in robotics systems. Methods for fusing redundant data in robotics systems are surveyed by Luo et al.
[21]. There is also a long history of using the extended Kalman ﬁlter and other
methods for orientation estimation [22–24].
3. Virtual Chassis
The ﬁrst part of this paper presents a general procedure for calculating the virtual
chassis body frame. We begin by presenting some background on the kinematic
conﬁguration of our snake robots and the gait equations that is used for control,
and then detail the method of calculating the virtual chassis, given knowledge of
the robot’s shape. The overall procedure involves continually aligning the body
frame with the robot’s principle moments of inertia. Speciﬁcally, this is done by
taking the singular value decomposition (SVD) of the positions of all of the
robot’s links with respect to the robot’s center of mass at discrete time steps as
the robot executes the gait.
3.1. Gaits and Robot Kinematics
Our snake robots consist of 16 (or more) links where single degree of freedom
rotary joints are alternately oriented in the lateral and dorsal planes of the robot
[25]. Because of this design, our gait equations consist of separate waves that
propagate through the lateral and dorsal joints. These undulations typically
follow parameterized sinusoidal backbone curvatures that are based on Hirose’s
serpenoid curve [7], and its 3D extensions [26]. We refer to these equations as
the compound serpenoid curve,
!
lateral joints
blat þ Alat sinðnlat Þ
ð1Þ
hði; tÞ ¼
bdor þ Ador sinðndor þ dÞ dorsal joints
nlat ¼ Xlat i þ tlat t
ndor ¼ Xdor i þ tdor t:

ð2Þ

In (1) b, A and d are respectively the angular offset, amplitude, and phase
shift between the lateral and dorsal joint waves. In (2), the parameter X describes
the spatial frequency of the waves with respect to link number, i. The temporal
component t determines the frequency of the actuator cycles with respect to
time, t.
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3.2. Calculating the Virtual Chassis Body Frame
Given an arbitrarily chosen body frame, such as one ﬁxed to the head link
(Figure 2), we can use standard kinematics to calculate the poses of all the links
on the robot with respect to this frame [27]. We then ﬁnd the translation and
rotation from this initial frame to the frame aligned with the principle moments
of inertia taken about the center of mass. We then transform the pose of each
link of the robot from the initial frame to this new frame, thereby representing
the robot’s pose in the virtual chassis.
The ﬁrst step is to ﬁnd the geometric center of mass of the robot !x, !y, and !z
in the initial frame. We then construct a data matrix of the positions of the links
pi , subtracting out the center of mass. This matrix, P will be of size n % 3, where
n is the number of links and each row i corresponds to the ith link in the robot,
Pi ¼ ½xi ' !x yi ' !y zi ' !z(

ð3Þ

3
p1
6 7
P ¼ 4 ... 5:

ð4Þ

2

pn

Now that the origin of the initial coordinate frame is at the center of mass, the
next step is to ﬁnd a rotation such that the principal axes of the body frame are
aligned with the principal moments of inertia of the link positions around the
center of mass. To ﬁnd this rotation, we take the SVD of P. SVD decomposes
this matrix into 3 new matrices,

Link 1
Link n

z
Origin
y
x
Figure 2. An example of an arbitrary initial body frame for the robot that is ﬁxed to the head link.
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USVT ¼ P:

ð5Þ

In the decomposition, U and V are unitary matrices whose columns are
respectively the left and right singular vectors of P. The columns of U are eigenvectors of PPT , meaning that they form an orthonormal basis in Rn . Likewise,
the columns of V are eigenvectors of PT P and form an orthonormal basis in R3 .
This means that V serves as a rotation matrix that describes the orientation of
the coordinate frame aligned with the principal moments of inertia, described in
initial coordinate frame. The diagonal elements of S are the singular values of P.
They correspond to the square roots of the eigenvalues of PT P and describe the
magnitudes of the principal moments of inertia. More detail on SVD can be
found in [28,29].
A technical detail to note about SVD is that V is only unique up to a
reﬂection about each singular vector [30]. To ensure right-handed coordinates, at
each timestep V is modiﬁed such that the third singular vector is deﬁned to be
the cross product of the ﬁrst and second singular vectors. To avoid sign ﬂips in
V across later timesteps, we respectively enforce positive dot products between
the ﬁrst and second singular vectors at the current timestep and those of the previous timestep.
!, we have the
Combining the rotation matrix V with the center of mass p
homogeneous transform that describes the pose of the virtual chassis with respect
to the initial body frame,
"

#
!
V p
T¼
:
0 1

ð6Þ

The last step is to transform the pose of each link in the robot to the virtual
chassis body frame. If the pose of each link is described by a homogeneous
transform, left multiplying each link’s transform by T'1 now represents its pose
in the virtual chassis body frame.

4. Implementation
Our lab has developed a variety of gaits for our snake robots, including sidewinding, rolling, pipe crawling, and pole climbing (Figure 1). For each of these
gaits, we demonstrate calculating the virtual chassis via SVD as outlined in the
previous section. Note that this general procedure can be applied to any body
shape that has distinct principle components, including noncyclic motions and
transitions between gaits. For gaits designed speciﬁcally to traverse pipes, we
can further reﬁne the virtual chassis to exploit the structure of the robot’s shape,
better aligning the body frame with centerline of the pipe.
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4.1. Sidewinding
The sidewinding gait (Figure 3) is characterized by a series of lateral and dorsal
undulations that form a rolling tread [31,32]. This motion corresponds to a phase
offset of p=4 in the serpenoid equations (1). The overall shape of the robot in
sidewinding can be described as a helix with an elliptical cross-section. This
body shape has the property that the longest, middle, and shortest dimensions
that are clearly deﬁned and are orthogonal.
For sidewinding, the procedure for calculating the virtual chassis follows the
general procedure from Section 3. At each new timestep, a new P is calculated
from the robot’s joint angles and a new body frame is deﬁned. A comparison of
sidewinding motion in an initial head-ﬁxed body frame and the virtual chassis
body frame is shown in Figure 4. Note that the motion of the robot in virtual
chassis body frame captures the ‘rolling tread’ motion of the gait, compared to
the side-to-side motion that is apparent in a ﬁxed body frame.
4.2. Rolling
In the basic rolling gait, the robot forms a static backbone shape, consisting of
an arc of constant curvature, and then rolls within that shape (Figure 5). This
constant curvature corresponds to setting the spatial frequency X in (2) to 0, and
setting the phase offset between the lateral and dorsal joint angles, d from (1) to
p=2 radians.
As the robot cycles through the gait over ﬂat terrain, the arc remains level on
the ground and the robot rolls either toward or away from the center of the arc.
Like sidewinding, the shape of the robot in rolling has clearly deﬁned longest,
middle, and shortest dimensions to its shape.

Figure 3. An example of the approximate axes of the virtual chassis for the sidewinding gait.
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Figure 4. A montage of the robot in sidewinding, shown in ﬁve different positions spaced evenly
throughout one complete gait cycle. The top row of images shows the pose of the robot in a body
frame ﬁxed to the head link. The bottom row shows the pose corresponding to the virtual chassis
body fame at the same points in the gait cycle.

Figure 5. An example of the approximate axes of the virtual chassis for the rolling gait.

For this gait, we align the ﬁrst, second, and third principal moments of inertia
respectively with the x, y, and z axes of the body frame. The procedure for calculating the virtual chassis for rolling follows the general procedure. A comparison of the motions of the rolling gait in an initial head-ﬁxed body frame and the
virtual chassis body frame is shown in Figure 6. Note that the motion of the
robot in virtual chassis body frame matches the gait’s internal twisting motion,
compared to the sweeping motion that is apparent in a ﬁxed body frame.
4.3. Helix – Pipe Crawling
The helix gait is useful for traveling along cylindrical surfaces, like the pipes in
Figure 1. Like the rolling gait, it is characterized by a static backbone shape in
which the robot twists, again produced by a p=2 phase offset in the lateral and
dorsal joint angles d. However, in this case a nonzero spatial frequency X causes
the base backbone shape of the gait to form a cylindrical helix, rather than a ﬂat
arc (Figure 7). Pipe crawling is a parameterization of helix in which X is chosen
to create approximately 1.5 wave cycles over the length of the robot.
The shape of the robot in pipe crawling has a clearly deﬁned longest
direction, corresponding to the ﬁrst principal moment of inertia. However, in this
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Figure 6. A montage of the robot in rolling, comparing the motions in a body frame ﬁxed to the
head link (top row) and the virtual chassis body frame (bottom row).

gait, the second and third moments of inertia are less distinct. This makes intuitive sense, since for a true cylinder the second and third moments are exactly
equal, due to symmetry about the cylinder’s axis. Since the robot consists of a
ﬁnite number of links, signiﬁcant asymmetry is present, and SVD will still ﬁnd
an unambiguous solution for the virtual chassis.
As with the gaits discussed so far, the resulting body frame using the general
procedure isolates the robot’s internal and external motions. However, since this
gait is used speciﬁcally for locomoting on the inside of pipes (bottom left of
Figure 1), we can exploit the known constraints of the environment and deﬁne a
more useful body frame that is better aligned with the true centerline of the
robot’s helical shape (as well as centerline of the pipe).
To ﬁnd the true centerline of the robot, we take the initial solution from SVD
and use it as the starting point of optimization using the Nelder-Mead simplex
search [33]. Intuitively, we would like to minimize the difference of the distances

Figure 7. An example of the approximate axes of the virtual chassis for a position in the pipe
crawling gait.

10

D. Rollinson et al. / Advanced Robotics iFirst (2012) 1–22

of all the links in robot to some centerline. If we deﬁne this centerline as the set
of points, lðsÞ ¼ a þ vs, the distance di of a point pi to this line is
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di ¼ jða þ ððpi ' aÞ ) vÞv ' pi Þj

ð7Þ

The objective function for optimizing the centerline parameters a and v is the
sum-squared error of the distance from each link to the centerline di compared to
!
the mean distance of all the links to the centerline d,
n
X
! 2
ðdi ' dÞ
error ¼
i¼1

ð8Þ

Because this objective function is nonconvex, random restarts in the vicinity
of the initial SVD solution are used to ensure that the optimization does not converge to a local minimum that does not reﬂect the true centerline of the robot’s
shape.
For this gait, the z axis is chosen to align with the optimized centerline
vector v. An arbitrary reference link (in our case, the middle link) is chosen to
deﬁne the frame’s rotation about the centerline. This is achieved by aligning the
y axis with the vector that describes the line perpendicular to the centerline that
passes through the reference link. Lastly, the desired x axis is calculated from the
cross product of the z and y axes, to ensure a right-handed coordinate frame. A
comparison of the motions of pipe crawling in an initial head-ﬁxed body frame
and the virtual chassis body frame is shown in Figure 8.
4.4. Helix - Pole Climbing
Pole climbing uses a different range of parametrizations of the helix gait which
are more appropriate for climbing on the outsides of poles and pipe. The base
shape of the robot is still a helix, but one in which the diameter is much wider

Figure 8. A montage of the robot in pipe crawling, comparing the motions in a body frame ﬁxed
to the head link (top row) and the virtual chassis body frame (bottom row).
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Figure 9. An example of the approximate axes of the virtual chassis for a position in the pole
climbing gait.

Figure 10. A montage of the robot in pole climbing, comparing the motions in a body frame ﬁxed
to the head link (top row) and the virtual chassis body frame (bottom row).

and the pitch is less steep (Figure 9). To achieve these qualities, we choose large
values for amplitude A, and smaller values of spatial frequency X.
As in pipe crawling, the coordinate frame can again be optimized beyond
what is provided by SVD. In fact, it becomes even more beneﬁcial as the misalignment of the ﬁrst principal moment of inertia with the true centerline of the
robot’s helix is much more pronounced. This effect is primarily attributable to
the “longest” direction of the robot’s shape becoming more ambiguous, as the
increased diameter of the helix starts to approach the overall length of the helix.
The virtual chassis body frame for pole climbing is calculated with the same
secondary optimization as pipe crawling, and the result is shown in Figure 10.
4.5. Real-Time Implementation
Calculating the virtual chassis using the SVD procedure in Section 3 can easily
be performed in real time. However, when using the reﬁned virtual chassis body
frame in pipes, the secondary optimization signiﬁcantly slows the body frame
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calculations. To address this limitation, we precompute lookup tables for the
body frames, sorted by gait parameters. For pipe crawling and pole climbing, we
require three lookup parameters from the gait equations (1) and (2): temporal
position in the gait cycle xt, amplitude A, and spatial frequency X. To perform
the table lookup, we can ﬁt gait parameters to the to feedback joint angles in real
time using an extended Kalman ﬁlter (EKF), similar to the one presented in the
following section.
5. Application – Orientation Estimation
In order to provide better feedback to an operator, we would like to fuse the
readings from redundant sensors distributed throughout our robot into a uniﬁed
estimate of its orientation. Each link of our lab’s snake robot contains gyros and
accelerometers for sensing the robot’s motion in the world. A number of
methods exists for fusing sensor data in robotic systems [21]. One of the most
commonly used methods of fusing redundant and complimentary data is the
EKF [34].
The true process model that describes the pose of our robot as it locomotes is
complex, nonlinear, and largely unknown. However, in this section we will show
that representing the robot’s motion in the virtual chassis body frame mitigates
these problems, to the point where a simple constant velocity process model can
be used. This is due to the virtual chassis separating the robot’s internal shape
changes, which can be estimated accurately from the robot’s joint angles, from
its external motion, which is much simpler from the perspective of the robot’s
averaged overall shape.
Our experiments compare the performance of the EKF run in the virtual
chassis vs. a ﬁxed body frame for the snake robot executing the rolling gait,
using motion capture data as ground truth. The rolling gait was chosen because
it undergoes more rapid motion than other gaits, and because the gait’s simpler
shape allows for an easy comparison of the robot’s estimated pose to the motion
capture ground truth.
5.1. Process Model
The state of the robot consists of parameters that describe the robot’s internal
shape and orientation. The state representation for the shape of the robot uses
the rolling gait’s two parameters and their respective ﬁrst derivatives. Combining
these with four variables for representing the robot’s quaternion orientation, and
three variables for representing the body frame angular velocity, results in the
11-dimensional state vector,
X ¼ ½A A_ n

n_

qT

xT (

ð9Þ
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where A and n are the gait parameters from (1), q ¼ ½q1 q2 q3 q4 (T is the
orientation quaternion vector in the world frame and x ¼ ½xx xy xz (T are the
robot’s angular velocities in the body frame.
The gait parameters at each timestep are updated by the estimate of their ﬁrst
derivatives, and the ﬁrst derivatives are assumed to be constant across timesteps,
^ t ¼ At'1 þ A_ t'1 ) dt
A

ð10Þ

^nt ¼ nt'1 þ n_ t'1 ) dt:

ð11Þ

The quaternion orientation of the robot is updated by the angular velocities and
the update timestep, according to the discrete time update equations,
1
^
qt ¼ expð' W ) dtÞqt'1
2
2

0
6 'xx
W¼6
4 'xy
'xz

xx
0
xz
'xy

xy
'xz
0
xx

3
xz
xy 7
7
'xx 5
0

ð12Þ

ð13Þ

A closed-form solution for this update is presented by van der Merwe et al.
[35], which guarantees that the resulting quaternion is of unit norm. As with the
derivatives of the gait parameters, the body frame angular velocities of the robot
x are assumed to be constant across timesteps.
The simplicity of this constant velocity model would seemingly cause
problems, given the complex motions of a snake robot. However, this illustrates
a key beneﬁt of using the virtual chassis body frame. Figure 11 shows state estimates of the body frame angular velocity for the same rolling trial in both the
virtual chassis and ﬁxed body frames. Both plots show the same motion, where
the robot is sitting still, quickly starts rolling, and then stops. Note that in the
virtual chassis body frame, the angular velocities are essentially zero throughout
the run, even during the abrupt start and stop of the robot’s motion.
The practical advantage of being able to use such a generic model is in its
applicability to any motion of the snake robot. Despite the relatively intuitive
motion of the rolling gait, in virtually all of the other gaits that our lab has
developed [3], the motion of the robot is signiﬁcantly more complex, and any
process model that predicts an individual link’s orientation would depend on
both the speciﬁc gait and the robot’s (mostly unknown) interaction with the
world. The virtual chassis greatly reduces the nonlinear effects of gait motion
and world interaction, allowing the generic model described here to be applicable
to a wide range of gaits and environments.
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Figure 11. A comparison of estimated angular velocities for the same motion, observed in a body
frame ﬁxed to the middle link (upper plot) and a body frame aligned with the virtual chassis
(lower plot). The red, green, and blue lines are respectively the x, y, and z body frame angular
velocities.

5.2. Measurement Model
The snake robot provides feedback measurements from single-axis joint angle
encoders, 3-axis accelerometers, and 2-axis gyros located in each link. The accelerometers measure the combined effects of gravity and the accelerations of each
link in the world. The gyros directly measure the angular velocity of each link in
the world. The measurement model generates expected readings for all of these
sensors, given the robot’s current state estimate. This means that the EKF measurement vector has dimensions, where n is the total number of links in the
robot.
z ¼ ½ hT

aT

cT

(:

ð14Þ

In (14), each element is a vector containing the measurements of a corresponding sensor type for all the links throughout the robot. h is the vector of
joint angles for each link, a is the vector of accelerometer readings for each link,
and c is the vector of gyroscope measurements for each link.
Joint angles are predicted from the gait equation (1) using the current estimated gait parameters,
^h ¼ ½!h1 . . . !hn (T :

ð15Þ
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Predicted accelerometer and gyro readings are generated by numerically differentiating the position and orientation of the robot at different timesteps. The pose
of each link can be constructed from the forward kinematics of the joint angles
predicted in (15). Using the estimated derivatives of the gait parameters, A_ and
_ joint angles at nearby timesteps can be generated from which the
n,
corresponding shapes can be constructed.
Predicted accelerometer measurements for each link in the robot are generated
by combining the gravity offset (determined from the robot’s estimated orientation) with the internal accelerations due to that link’s motion in the body frame
^ai ¼ ^aigravity þ ^aimotion :

ð16Þ

Acceleration due to motion of the robot is predicted by double differentiating
the estimated positions of the links with respect to time. Due to the simpliﬁed
process model, the body frame acceleration of the robot in the world is assumed
to be zero. Acceleration due to gravity is predicted by transforming the estimated
gravity vector g into the frame of each link
a^igravity ¼ Mi Rg

ð17Þ

where Mi is the rotation matrix that describes the orientation of link i in the
body frame and R is the rotation matrix representation of the quaternion pose q
in the state vector (9). For our work, g is assumed to be oriented along the z-axis
of the world frame, where g is gravitational acceleration,
g ¼ ½0 0

g(T :

ð18Þ

The predicted gyro measurements for each link are similarly generated by differentiating link orientations at two nearby timesteps. If Mi;t and Mi;t'1 are
rotation matrices that describe the orientations of link i in the body frame at two
timesteps, then gyro measurements due to the internal motion of the gait at two
timesteps, t and t ' 1 can be approximated by
2
3
! yi
! zi 'x
1
'x
'1
Mit ðMit'1 Þ
i
i 5
4 'x
!z
!x
1
x
¼
:
ð19Þ
dt
i
i
!
!
'x
1
x
y

x

The predicted gyro measurements for each link taking into account the angular
velocities of the entire robot are simply the angular velocities from (19) plus the
angular velocities of the robot from the current state estimate, (9), transformed
into the coordinate frame of each link using Mi;t
^cit ¼ x
^ t:
! i þ ðMit Þ'1 x

ð20Þ
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The measurement model for the prediction of inertial data is where the choice
of body frame comes into play. The robot’s estimated body frame angular velocity affects both the predicted accelerometer and gyro measurements. The process
model’s assumptions of constant angular velocity between timesteps are much
more accurate in the virtual chassis, where the body frame stays relatively stable
throughout its motion, compared to a ﬁxed body frame that tumbles in the world
frame as the robot moves.
5.3. Experiment
To measure the accuracy of estimating the robot’s pose from inertial sensors, we
gathered ground-truth data of the robot’s orientation using a motion capture system. Each experiment consisted of executing the rolling gait with ﬁxed commanded parameters on a ﬂat concrete ﬂoor. The motion capture system recorded
the 3D position of IR reﬂective markers on three of the robot’s links (head, middle, and tail), whereas the inertial and joint angle data used for the state
estimation were logged from the robot’s sensors.
To compute the roll, pitch, and yaw of the robot in each frame, the motion
capture point cloud data were spatially clustered into groups for each of the
marked links. The geometric center of mass of each point cloud was used as an
approximation for each link centers phead , pmid , and ptail .
To compare the estimated orientation from the EKF to measured orientation
motion capture, a ground-truth body frame was set such that the x axis was
collinear with the vector from the center of the tail to the center of the head link
and the y axis was on the line perpendicular to the tail-head line and passing
through center of the middle link (Figure 12)
x ¼ phead ' ptail

ð21Þ

y ¼ Ptail þ ððPmid ' Ptail Þ ) xÞx ' Pmid :

ð22Þ

The z axis, z, is calculated from the cross product of x and y, and the lengths
of these orthonormal vectors are normalized to form a right-handed frame
expressed as the rotation matrix
R¼

$

x
jxj

y
jyj

z %
jzj :

ð23Þ

This rotation matrix is calculated in a similar manner for the robot’s estimated
shape as well. In order to better interpret the robot’s motion, both the estimated
and ground-truth rotation matrices were converted into Euler angles in the X-Y-Z
intrinsic convention. This convention is the classical roll–pitch–yaw that is
commonly used to describe the attitude of aircraft.
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Figure 12. Images showing the snake robot with reﬂective IR markers and ground-truth frame
assignment from motion capture point clouds.

The 3D trajectories of the link centers of mass were zero-lag low passed to
remove noise from IR markers rolling in and out of view of the motion capture
cameras. For each of the experimental runs, the robot was driven a distance,
paused, and returned to its approximate starting position (Figure 13). Error for
each of roll, pitch, and yaw was calculated by taking the absolute value of the
difference between the estimated body frame orientations and the ground-truth
orientations of the ﬁtted frame.
We ran a total of 11 trials of in which we executed the rolling gait at different
speeds: Slow Speed: 2 trials at 0.2 gait cycles/s, Medium Speed: 5 trials at 0.5
cycles/s, and Fast Speed: 4 trials at 1.0 cycles/s.
5.4. Results
Figure 14 shows a representative pitch error vs. time for one of the experimental
trials. In order to highlight the differences in performance of the three approaches
for estimating the robot’s orientation, we only considered times when the robot
was moving. For the 11 trials, we computed and compared the average
orientation error across different gait speeds and estimator types, as shown in
Figures 15–17.
Estimated orientation errors of the EKF were compared using both the virtual
chassis and ﬁxed body frames at each of these speeds. Use of the virtual chassis
signiﬁcantly reduced error of the estimated pitch of the robot, with the improvement being more apparent at higher speeds of rolling. To provide a fair comparison of ﬁltering in the different body frames, the process and measurement noise
parameters for the ﬁxed frame and virtual chassis were tuned separately for best
performance. Overall, the EKF running in a ﬁxed frame required signiﬁcantly
higher levels of process noise to prevent ﬁlter divergence, while the EKF using
the virtual chassis was much less sensitive to tuning parameters.

D. Rollinson et al. / Advanced Robotics iFirst (2012) 1–22

Figure 13. A representative trajectory of a motion capture trial. The robot is represented by the
black arc. The trajectories of each of the sets of marks are shown by the colored traces, moving
from left to right, then returning to the left.
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Figure 14. Absolute value of pitch error vs. time for the ﬁxed frame and virtual chassis estimator
in a fast speed trial.

The virtual chassis did not improve the snake robot’s average estimated yaw
at any of the different speeds that were tested. Additionally, the average and
standard deviations of the errors of the yaw estimates were an order of
magnitude above the errors of estimated pitch and roll. This is to be expected, as
the robot’s gyros and accelerometers can only provide absolute orientation with
respect to gravity. Thus, the yaw orientation estimates are essentially an integration of estimated yaw velocities over the course of each trial that show signiﬁcant drift due to integration error.
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Figure 15. Averaged absolute value of error in estimated pitch comparing different state
representations, grouped by speed of the trials.
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Figure 16. Averaged absolute value of error in estimated roll comparing different state
representations, grouped by speed of the trials.
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Figure 17. Averaged absolute value of error in estimated yaw comparing different state
representations, grouped by speed of the trials.

6. Conclusions
The virtual chassis is a framework that represents a snake robot’s pose in a simpliﬁed and intuitive manner. By leveraging the symmetry of the robot’s shape as
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it executes gaits, we have introduced a body frame that separates the internal
motion due to the shape changes of a gait from the external motion caused by a
gait’s interaction with the world. This representation is aligned with the natural
notions of position and orientation of the snake robot that previously rested only
with a human operator. Again, we should note that the virtual chassis can be
applied to any shape that has distinct principal components, not only the gaits
presented in their paper. This includes noncyclic motions and transitional
motions between different gaits.
The advantages of the virtual chassis body frame allow us to treat articulated
mobile robots more like wheeled robots, where internal shape changes smoothly
propel the robot through the world. In particular, we can now use simple models
to accurately approximate what has traditionally been considered complex
motion. We demonstrated the practical advantages of this by using an EKF with
a simple process model to accurately estimate our snake robot’s orientation while
undergoing highly dynamic motions. While results were presented for the rolling
gait, our group has successfully used this same framework to estimate the robot’s
orientation in a wide range of motions and environments.
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