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(a) Actual snake shape and pose (b) Estimated shape and pose using only gait param-
eters

(c) Estimated shape and pose using gait param-
eters and joint angle errors

Fig. 2: Comparison of shape and pose estimation between state models with and without joint angle errors.

configuration of the snake results in a body frame that, while

dynamic with respect to the pose of any individual module,

is consistent with respect to the overall shape of the snake.

This virtual chassis serves to separate the internal motion

of a gait itself from the external motion due to that gaits

interaction in the world.

To study the effectiveness of our different body frame

and state representations, motion capture data of the snake

was recorded for multiple trials of the rolling gait. This data

was post-processed and used as ground truth to evaluate the

accuracy of the state estimates generated from the proprio-

ceptive sensor data from the snake robot. Our results show

a significant improvement in the accuracy of the estimation

of pitch and roll using the virtual chassis, especially at high

speeds of rolling. We also show that gait parameters can

sufficiently approximate the snake robot’s shape to accurately

estimate pitch and roll, without having to explicitly track and

estimate each individual joint angle.

II. 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], these being a only selection of the works available.

More recent research on both biological snakes [8] and

robotic snakes [9] [10] has focused on a snake’s interaction

with its environment during locomotion. Our work differs

significantly from these approaches in that we do not directly

consider robot interaction with the world. Instead, the goal

of our work is to use the virtual chassis as a means to apply

simple motion models to what are traditionally considered

complex systems.

A number of methods exist for fusing redundant data

in robotics systems [11]. One of the most commonly used

methods of fusing redundant and complimentary sensor data

is the Kalman filter. The EKF extends the Kalman filter to

non-linear systems by linearizing the system at the current

state estimate at each time step [12].

III. STATE ESTIMATION

In the following sections, it is important to note that

the process and measurement models are treated identically

when using both the fixed body frame and the virtual

chassis. The accuracy of the underlying assumptions of these

models (constant body frame angular velocities and zero

body frame acceleration) are what will lead to the difference

in performance between the two different body frames.

A. Gait Equation

To attain manipulation and mobility in three dimensions,

our snake robots consist of 16 modules where the joints

are alternately oriented in the lateral and dorsal planes of

the snake [2]. Because of this design, our framework for

gaits consists of separate parameterized sine waves that

propagate through the lateral (even-numbered) and dorsal

(odd-numbered) joints, based on Hirose’s serpenoid curve

[7]. We refer to this framework as the compound serpenoid

curve,

θ̄(n, t) =

{

βodd +Aoddsin(ξodd) n odd

βeven +Aevensin(ξeven + δ) n even
(1)

ξodd = Ωoddn+ νoddt
ξeven = Ωevenn+ νevent.

(2)

In (1) β, A and δ are respectively the angular offset,

amplitude, and phase shift between the lateral and dorsal

joint waves. In (2) the parameter Ω describes the spatial

frequency of the macroscopic shape of the robot with respect

to module number, n. The temporal component ν determines

the frequency of the actuator cycles with respect to time, t.

This work focuses on the rolling gait, which is a reduced

parameterization of the general gait equations (1) and (2),

θ̄(t) =

{

A·sin(ξ) odd

A·sin(ξ + π
2
) even

(3)

ξ = νt. (4)

These constraints result in an arc of constant curvature

that is swept through the lateral and dorsal joints. The key

to this constant curvature is that the spatial frequency Ω in

(2) is set to 0, and the offset between the lateral and dorsal

joint angles, δ from (1), is set to π/2 radians.
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B. Process Model

The state of the snake consists of parameters that describe

the orientation and shape of the snake. In this work we

investigate two methods of representing the shape of the

snake robot. The first state representation uses the rolling gait

parameters and their first derivatives to describe the shape of

the snake robot, resulting in the 11 dimensional state vector,

x = [ A Ȧ ξ ξ̇ qT
ω

T ] (5)

where A and ξ are the gait parameters from (3), q =
[ q1 q2 q3 q4 ]T is the orientation quaternion vector in the

world frame, and ω = [ ωx ωy ωz ]T are the snake robot’s

angular velocities in the body frame.

A more complex state representation includes an angle

error term for each of the joints in the snake robot,

x = [ A Ȧ ξ ξ̇ eT qT
ω

T ] (6)

where e = [ e1 . . . en ]T with n being the total number of

modules in the snake robot. This formulation allows gait

parameters to be fit to the snake’s feedback, while at the same

time allowing the true shape of the snake to be captured by

the state.

Tracking individual joint angles in the estimated state

plays an important role when the snake robot’s shape de-

viates significantly from a shape that can be described by

estimated gait parameters. Figure 2 shows a photo of the

snake robot where a module experienced an error and bent to

an extremely deviated joint angle. The images to the right of

the photo show the difference in the corresponding estimated

shape of the snake using gait parameters to approximate the

robot’s shape and using gait parameters augmented with joint

angle errors.

In the process model, the gait parameters at each timestep

are updated by the estimate of their derivatives, and the

derivatives are assumed to be constant across timesteps,

Ât = At-1 + Ȧt-1 · dt (7)

ξ̂t = ξt-1 + ξ̇t-1 · dt. (8)

If the joint angle errors are being modeled, they are

updated at each timestep according to,

êt = λ · et-1 (9)

where λ is a coefficient that drives the angle errors to-

wards zero. This term models the effect of the proportional

controllers running on each of the snake modules that are

continuously closing a control loop on commanded joint

angles. This term also plays a role in ensuring that gait

parameters remain the primary driver of the overall shape

of the snake. A value of λ = 0.95 was found to be effective

during our experiments.

The quaternion orientation of the snake is updated by the

angular velocities and the update timestep, according to the

discrete-time update equations,

q̂t = exp(−
1

2
Ψ · dt) qt-1. (10)
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Fig. 3: A comparison of estimated angular velocities for

the same motion, observed in a body frame fixed to the

middle module (upper plot) and a body frame aligned with

the virtual chassis (lower plot). The legend applies to both

plots.

Ψ =









0 ωx ωy ωz

−ωx 0 −ωz −ωy

−ωy ωz 0 −ωx

−ωz −ωy ωx 0









. (11)

A closed-form solution for this update is presented by

van der Merwe et al. [13] that guarantees that the resulting

quaternion is of unit norm.

The body frame angular velocities of the snake robot, ω,

are assumed to be constant across time steps,

ω̂t = ωt-1. (12)

This constant velocity model means that only the fused

sensor measurements update the estimates of body frame

angular velocity. Figure 3 shows state estimates of body

frame angular velocity for the same trial in both the virtual

chassis and fixed body frames, and illustrates how dramat-

ically different this assumption can be, depending on the

choice of body frame.

One could argue that with the rolling gait a simple motion

model could be used that predicts body frame angular veloc-

ities based on estimated gait parameters and an assumption

that the snake’s arc stays level with respect to the ground.

Using such a process model in this case would mitigate much

of the approximation error introduced by the use of a fixed

body frame. However, with virtually all of the other gaits

that our lab has developed [3], the motion of an individual

module is more complex and any process model that updates

body frame angular velocities would be dependent on gait

parameters and (a mostly unknown) interaction with the

world. The virtual chassis serves to inherently minimize the

effects of gait motion and world interaction.

C. Observation Model

The snake robot provides feedback measurements from

single-axis joint angle encoders, 3-axis accelerometers and
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Fig. 6: Pitch error vs. time for the fixed frame and virtual

chassis estimator in a fast speed trial.

using a motion capture system. Each experiment consisted

of rolling the snake across the floor with fixed commanded

gait parameters. The motion capture system recorded the

3D position of IR reflective markers on three of the snake

modules (head, middle, and tail) while the inertial and

module angle data used for the state estimation were logged

from the snake’s sensors.

To compute the roll, pitch, and yaw of the snake in each

frame, the motion capture point cloud data were spatially

clustered into module groups. The geometric center of mass

of each point cloud was used as an approximation for each

module center. The measured 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 module, and the Y axis was

on the line perpendicular to the tail-head line and passing

through center of the middle module (Fig. 4).

The 3D trajectories of the module 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 snake was driven a distance,

paused, and returned to its approximate starting position (Fig.

5). Error was calculated for each of roll, pitch, and yaw

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/second, Medium Speed: 5 trials at 0.5 cycles/second,

and Fast Speed: 4 trials at 1.0 cycles/second.

V. RESULTS

Figure 6 shows a representative pitch error versus time

for one of the experimental trials. In order to highlight

the differences in performance of the three approaches for

estimating the snake 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

7 - 9.

The state representations that used only gait parameters to

approximate the shape of the snake (5) and gait parameters

and joint angles offsets (6) were compared using both the

virtual chassis and fixed body frames (Fig. 1) at each of
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Fig. 7: Average error in estimated pitch comparing different

state representations, grouped by speed of the trials.
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Fig. 8: Average error in estimated roll comparing different

state representations, grouped by speed of the trials.

these speeds. Use of the virtual chassis significantly reduced

error of the estimated pitch of the snake robot. The improved

accuracy of the virtual chassis was more apparent at higher

speeds of rolling.

Use of virtual chassis did not improve the snake robot’s

average estimated yaw at 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 snake’s gyros and accelerom-

eters 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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Fig. 9: Average error in estimated yaw comparing different

state representations, grouped by speed of the trials.
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Fig. 10: Reduced error in pitch estimate by including joint

angles in state.

While including joint angle deviation in the estimator state

had little effect on the overall performance of the filter, it

proved to have a significant effect when the snake’s shape

deviated drastically from the commanded gait. Figure 10

shows part of a trial where including the joint angle error

improved the estimate.

VI. CONCLUSIONS

Using an EKF, we are able to successfully fuse the

sensor feedback from the joint angles, accelerometers, and

gyros distributed throughout a snake robot to estimate the

orientation of the robot. By using the virtual chassis we

are able to improve the accuracy of the snake’s estimated

orientation, particularly at high speeds. Additionally, we

show that when the snake robot is locomoting normally, the

use of gait parameters alone can sufficiently approximate

the shape of the snake to accurately estimate orientation,

allowing us to reduce the dimensionality of our state by more

than half when considering a 16-link robot.

VII. FUTURE WORK

A. Improved Estimation Techniques

The limitations of the EKF for systems that are highly non-

linear are well documented [13]. The tendency of the EKF to

diverge to incorrect state estimates was apparent while tuning

the filter, especially when using a fixed body frame and for

trials where the snake moved quickly. One potential improve-

ment to this work would be to use a sigma-point Kalman

filter (SPKF) to improve the accuracy of the state estimation.

In particular the spherical simplex unscented Kalman filter

[14] is an attractive alternative, due to the fact that it requires

fewer samples of the process and measurement functions, the

latter of which is computationally costly for our system.

B. Experiments with More Gaits

One eventual goal of our work is to demonstrate that

using the virtual chassis in conjunction with a simplified

process model can achieve accurate results over a variety

of gaits. Quantitative experiments were performed using the

rolling gait because it is a relatively simple locomotion that

allows for an easier comparison to the ground truth data from

motion capture. Future work will involve conducting more

trials of the snake robots using a variety of gaits to quantify

the benefits of using the virtual chassis for more complex

motions.

C. Improved Ground Truth

We would also like to improve the accuracy of the ground

truth data by estimating the true 6-DOF motion of each

of the modules with IR markers. Work has been started

on a SLAM-type approach that builds a model of how the

markers are oriented on the surface of each module as the

log progresses. Using those module skeletons along with the

kinematic constraints of the snake mechanism should allow

us to fuse the somewhat noisy and constantly occluded data

of the motion capture into a more accurate estimate of the

net motion and orientation of the snake.
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