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Abstract—Localization and mapping of an environment are
crucial tasks for any robot operating in unstructured environ-
ments. Time-of-flight (ToF) sensors (e.g., lidar) have proven useful
in mobile robotics, where high-resolution sensors can be used for
simultaneous localization and mapping. In soft and continuum
robotics, however, these high-resolution sensors are too large for
practical use. This, combined with the deformable nature of such
robots, has resulted in continuum robot (CR) localization and
mapping in unstructured environments being a largely untouched
area. In this work, we present a localization technique for CRs
that relies on small, low-resolution ToF sensors distributed along
the length of the robot. By fusing measurement information with
a robot shape prior, we show that accurate localization is possible
despite each sensor experiencing frequent degenerate scenarios.
We achieve an average localization error of 2.5 cm in position
and 7.2

◦ in rotation across all experimental conditions with a
53 cm long robot. We demonstrate that the results are repeated
across multiple environments, in both simulation and real-world
experiments, and study robustness in the estimation to deviations
in the prior map.

I. INTRODUCTION

Continuum robots (CRs) are well-suited for many inspection

and manipulation tasks in constrained environments due to

their inherent compliance and capacity to be miniaturized [26].

This has led them to be studied for applications such as

surgery [5, 13], aircraft inspection [10, 12, 37], and search

and rescue operations [39]. This miniaturization comes at the

cost of additional size constraints on the sensors that can

be integrated into the robot, making localization using CRs

particularly challenging. Time-of-flight (ToF) sensors have

been studied for CRs recently [1, 7, 18] though the sensor

resolution, range, and field of view are limited at the smaller

scales of CRs. This can lead to degenerate measurements

where single ToF sensors are unable to observe enough

features in the environment to fully constrain their positions.

In previous works, distributed sensing has been shown to be

an effective way to both localize and perform shape estimation

for robots with an estimated configuration [18, 30, 32, 39].

By providing multiple sensing locations along the body of

the robot, distributed sensing can provide a richer under-

standing of both the robot’s configuration and its surround-

ing environment. Additionally, recent works have demon-

strated the effectiveness of continuous-time state estimation

for CRs [32, 33], allowing for state estimation from both low-

and high-frequency, asynchronous sensor measurements. This

Fig. 1. A continuum robot equipped with distributed sensors is shown
localizing in a cluttered environment. The 53 cm long, 7.6 cm diameter
extensible soft, continuum robot is equipped with three distributed sensor
rings, each with three low-resolution ToF sensors and one gyroscope. Using
only these sparse measurements, the robot is able to localize itself with high
accuracy (1.9 cm average distance error in the shown environment). Noisy
ToF sensor measurements are shown as green points alongside the ToF sensor
fields of view. At many points in time, individual sensor rings do not see
enough features to fully constrain their location, yet by fusing the distributed
measurements with a robot shape prior, accurate localization is still possible.

framework is particularly well-suited for CRs as it enables

the fusion of measurements from multiple distributed sensors

along the robot’s body with varying sampling rates.

Despite recent progress in distributed sensing and

continuous-time state estimation for continuum robots, most

existing localization approaches rely on either dense sensing,

rigid-body assumptions, or external reference systems. These

assumptions break down for small-diameter, deformable robots

operating in cluttered, unstructured environments, where on-

board sensors are necessarily sparse, low-resolution, and

frequently produce geometrically degenerate measurements.

In such settings, individual sensors are insufficient to fully

constrain robot pose, and even moderate deviations between

the prior map and the true environment can lead to estimator

failure. In this work, we address this gap by demonstrat-

ing that full-body, onboard-only localization of a deformable



continuum robot is feasible using sparse, distributed time-of-

flight sensing, even in the presence of frequent measurement

degeneracies and partial map mismatch. The contributions of

this work are:

• A continuous-time, factor-graph-based MAP estimation

framework that integrates sparse time-of-flight measure-

ments with a robot shape prior, enabling stable full-

body localization of deformable continuum robots under

frequent geometric degeneracies and partial prior map

mismatch.

• The first real-world demonstration of onboard-only local-

ization of a soft, extensible continuum robot in cluttered

environments using distributed, low-resolution ToF and

inertial sensing, validated across both simulated and

physical platforms.

The code used in this work is available to the community at

https://github.com/utiasASRL/space time continuum.

II. RELATED WORK

Continuum and snake-like robots have been proposed for

a number of inspection and maintenance tasks in constrained

environments. Their ability to be miniaturized [40] enables

applications in confined and convoluted environments. Both

[10] and [37] explore the use of CRs for aircraft inspection,

while [12] demonstrates basic machining tasks in a similar

environment. This application space has even seen some

commercial success with articulated borescopes [2]. While

many previous works have focused on shape estimation of

CRs [14, 21, 25, 28], we focus rather on the task of localizing

the robot with respect to some inertial reference frame. To

enable any degree of autonomy in the aforementioned appli-

cations, accurate localization with respect to an environment

is critical.

Localization of CRs has been explored through a variety of

sensing modalities, including cameras, ToF sensors, and elec-

tromagnetic (EM) trackers [29]. Many existing works use sen-

sors with off-robot components for localization, including ul-

trasound [20], electromagnetic pose sensors [15], fluoroscopic-

like stereo imaging [4], and external cameras [24, 27]. These

approaches often require line-of-sight to the robot or special-

ized imaging equipment to sense the robot’s state, which may

not be available in many applications. One alternative is to

mount the sensors directly on the robot itself and use them to

sense the robot’s environment, inferring location from relative

positioning. Such approaches are typically more challenging

due to the size and weight constraints of the sensors.

Some works have shown promise with camera-based local-

ization [16, 30, 39]. In [35], cameras are used alongside a

ToF sensor (lidar) for localization of a snake-like robot. A tip

camera as well as a fiber Bragg grating (FBG) sensor is used

in [36] to estimate robot pose. In [30], multiple cameras are

distributed along a hybrid soft-rigid robot to perform visual

SLAM. Through sensor distribution, the authors are able to

achieve full-state localization and configuration estimation.

As for sensor distribution, [22] proposes an uncertainty-

based framework for optimizing sensor placement along CRs

while [19] explores optimal placement of fiber Bragg gratings

for shape sensing. Both of these works highlight the impor-

tance of sensor placement for accurate state estimation beyond

just at the robot tip, though the latter only measures intrinsic

information about the robot’s shape and not the location of the

robot within a broader environment.

ToF sensing offers different advantages to cameras, enabling

native depth perception and increased robustness in visually

degraded environments. At smaller scales, however, dense

ToF measurements are typically not available. Some existing

works have explored the use of sparse ToF sensors in CR

applications. In [18], a series of 40-160 small ToF sensors

are used for full-body localization of a rigid snake robot. The

authors solve for spatial states in series along the robot body

in a simulated environment. In [8], a characterization of the

VL53L5CX ToF sensor is provided, while [7] proposes a state

estimation algorithm using the sensor on a soft robot. In [1],

multiple single-beam ToF sensors (VL6180X) are integrated

into a proposed sensor module for CRs. The authors highlight

the concept of moving the robot to create a denser map

of the environment, but require external motion capture for

localization. Our method takes a step towards the realization

of the vision of [1] by introducing an algorithm for localizing a

CR using sparse onboard ToF measurements without the need

for external motion capture, marking the first demonstration

of this capability on a soft continuum robot. We additionally

move beyond the rigid-body assumption of [18] to consider

the challenges of localizing a deformable continuum robot.

III. ESTIMATION FRAMEWORK

The estimation framework used in this work is based on the

continuous-time factor-graph method presented in [32, 33].

The approach presents a factor-graph-based method to state

estimation for CRs through a maximum a posteriori (MAP)

optimization scheme. Prior factors are introduced that model

a CR, with measurement factors being added for each sensor

type. Factors are constructed using a weighted squared-error

cost function. The total cost is minimized using a Gauss-

Newton solver with uncertainties estimated via a Laplace

approximation.

We use the same sliding-window formulation and prior

factors, expanding upon the system with the introduction of

new measurement factors described in the following sections.

Our state x(s, t) consists of the continuous set of robot poses,

T ib(s, t) ∈ SE(3), body-centric generalized strains, ϵ(s, t) ∈
R

6, and body-centric generalized velocities, ϖ(s, t) ∈ R
6

at time t and arc length s. T ib(s, t) represents an SE(3)
transformation matrix that transforms points from a robot body

frame, b, to an inertial frame, i. During optimization, the state

is estimated at discrete times, tk, and arc lengths, sn, with

the full continuous representation being available through the

interpolation scheme described in [32].

A. Time-of-Flight Sensor

To include the ToF measurements into the factor-graph

estimation framework, we follow the work of [6] and in-

https://github.com/utiasASRL/space_time_continuum


TABLE I
TOF DISTANCE-BASED STANDARD DEVIATION MODEL.

Distance measurement [m] Standard deviation [m]

d < 0.025 Measurement invalid
0.025 ≤ d < 0.6 0.014d → 0.012d

0.6 ≤ d < 1.2 0.012d → 0.006d

1.2 ≤ d 0.006d

A → B indicates a linear interpolation from value A to value B over the
specified distance range.

troduce a point-to-plane measurement factor with a Cauchy

loss. Specifically, given a set of measured lidar distances

dj ∈ R, j = 0, 1, . . . ,M from a sensor on the robot at time t
and arc length s, we define a point-to-plane error as

ej(x) = αnT
j D(pj − T ib(t, s)q

b
j) (1)

where pj is a matched point from a local map, nj is the

estimated normal at point pj , D ∈ R
3×4 is a projec-

tion matrix that removes the homogeneous component, and

α = (σ2 − σ3)/σ1 is a heuristic weight to favor planar

neighborhoods. σi is the square root of the ith eigenvalue of

the covariance obtained through principal component analysis

of the neighborhood. See [11] for more details. qb
j is a query

point corresponding to measurement j and is assumed to be

corrupted by isotropic Gaussian noise,

qb
j = q̄b

j + δqb
j δqb

j ∼ N (0,DTRToFD). (2)

Here, RToF is tuned experimentally starting with the rela-

tionships described in Table I with some additional noise to

account for unmodeled process errors.

As ToF sensors are subject to disturbances that can lead to

outlier measurements, we use a robust cost function to mitigate

their effect on the estimation. As the estimation framework

employed in this work uses a Gauss-Newton scheme designed

for squared error factors, we implement a Cauchy loss via an

iteratively reweighted least squares (IRLS) scheme [3, 17]. The

final cost function for a single point-to-plane measurement is

given by

Jj(x) =
1

2
ej(x)

TY j(x)
−1ej(x),

Y j(x)
−1 =

R−1
ToF

1 + ej(x)TR
−1
ToFej(x)

. (3)

As with other factors in the framework, we must compute

the linearized error for the Gauss-Newton update step. This is

given by

ej(x) = ēj(x) + Gj |
x(s,t) δtbi,

Gj |
x(s,t) = αnT

j D(T̄ ib(t, s)q
b
j)

⊙
T̄ ib(s, t). (4)

This linearization is performed in an SE(3)-sensitive way

according to the methods described in [3]. δtbi ∈ R
6 is

the perturbation vector for the robot pose at time t and arc

length s, T ib(s, t) is the adjoint matrix of the robot pose,

Ad(T ib(s, t)), and (·)⊙ is the operator defined as

[

a

b

]⊙

=

[

bI3×3 −a∧

01×3 0

]

, (5)

a∧ =





0 −a3 a2
a3 0 −a1
−a2 a1 0



 . (6)

B. Gyroscope Sensor

In addition to the ToF sensors, gyroscope measurements

are also included in the factor graph to aid in localization.

The gyroscope measurements are modeled as in [32]. As

we are working on small time scales, gyroscope biases are

approximated to be constant and are determined by averaging

an initial stationary bias.

C. Strain Sensor (Simulation Only)

The strain data used in this work has a bending angle and

curvature representation that is consistent with many FBG

sensing systems, enabling future hardware integration in more

complex settings. Bending angle θj and curvature κj are

mapped to a measured strain value ϵ̃j via

ϵ̃j = T (θj)
[

1 0 0 0 0 κj

]T
, (7)

T (θj) = Ad

















1 0 0 0
0 cos(θj) − sin(θj) 0
0 sin(θj) cos(θj) 0
0 0 0 1

















. (8)

An associated error factor is used via the cost function

Jj =
1

2
(ϵj − ϵ̃j)

TR−1
strain(ϵj − ϵ̃j), (9)

where Rstrain is the strain measurement covariance and is

modeled to be isotropic.

D. Prior Map

Each localization instance begins with a prior map of the en-

vironment represented as a point cloud with precomputed nor-

mals and planarity weights. For simulated environments, this

map is generated via Poisson sampling of a CAD-generated

scene. For real-world scenes, a point cloud is generated via

scanning the scene with a Creality Raptor 3D scanner [31].

Reflective markers are distributed in the scene for coordinate

alignment to a motion capture system, and the near-infrared

scanning mode is adopted, achieving a 0.1mm accuracy with

a 0.1mm to 2mm resolution. The map is stored in a hashed

voxel map to enable fast nearest neighbor queries [6], though

other representations (e.g., KD trees, PH-trees) are compatible

with the work presented here. By varying which prior map the

estimator has access to while keeping the sensor data the same,

we can create scenarios where differences between the prior

map and the scene are introduced. This is how deviations to

the environment are created in both simulation and real-world

experiments.



E. Scene Reconstruction

After estimation is complete, the robot’s trajectory and ToF

measurements are used to reconstruct a point cloud of the

environment. Each ToF measurement can be projected into

the inertial frame using the estimated robot pose at the time

of the measurement using the uncertainty-aware projection,

p̄j = T̄ ib(t, s)q̄
b
j , (10)

δpj =
[

−p̄⊙

j T̄ ib T̄ ib

]

[

δtbi
δqb

j

]

∼ N (0,DT
Σpj

D),

Σpj
= RToF +Dp̄⊙

j T̄ ibΣbT̄
T

ibp̄
⊙T
j DT . (11)

Here, Σb is the body-frame pose covariance as estimated

during the optimization process. The expression in (11) makes

use of the fact that RToF is isotropic.

IV. SIMULATION

For generating simulated data, we use the MuJoCo physics

engine [34] with a number of custom additions to simulate a

CR operating in a confined environment with ToF, gyroscope,

and strain sensors. The simulated scene is designed to emulate

the real-world application of jet engine inspection. The scene

dimensions, robot specs, and anomaly choices are meant to

reflect this.

A. Robot Details

The simulated robot is modeled in MuJoCo as a series of

rigid links connected by spherical joints. This approximation

follows the pseudo-rigid body method commonly used in CR

literature [23]. Provided the links are short enough, this robot

will approximate the behavior of a true CR, while allowing it

to take advantage of MuJoCo’s extensive contact and dynamics

modeling capabilities. The robot has three tendon-actuated

modules with a combined length of 1.5m, with each MuJoCo

link being 1 cm long. Every 30 cm is a sensor disc containing

three radially mounted ToF sensors and one gyroscope sensor.

The discs are offset by one another by an axial rotation of 60◦.

The tip of the robot contains an additional ToF sensor pointing

forward. A strain sensor is simulated down the center of the

robot, providing bending strain measurements every 3 cm. See

section IV-C for more information.

B. Environment Setup

Motivated by the task of aircraft inspection [10, 12, 37],

the environment used in this work comes from a model jet

engine [9]. The model is scaled to have an outer diameter

of 3.1m (approximately the size of a commercial airliner

engine) and is cropped to contain only the front compressor

section. The mesh is down-sampled to adhere to MuJoCo’s

200.000 face limit on imported objects. A small section of

the mesh where robot-environment collisions are expected is

decomposed into a series of convex hulls using CoACD [38] to

improve collision performance. Gravity, friction, and collisions

are all enabled in the simulation. Fig. 2 shows the robot and

environment used in the simulation.

Simulated VL53L5CX 

ToF Sensor

Convex Hull 

Contact Mesh

Aircraft Engine Mesh

Continuum 

Robot

Fig. 2. Simulated jet engine environment with CR in the MuJoCo physics
engine. The robot is 1.5m long and contains distributed ToF, IMU, and strain
sensors. The environment mesh is displayed in blue while the collision mesh
is shown in green. Time-of-flight sensor rays are visualized in yellow.

Two types of map differences are added to the environment:

unmodeled objects and missing modeled features. Unmodeled

objects are simulated by adding additional meshes into the

environment to be sensed and collided with by the robot. Miss-

ing modeled features are simulated by selectively removing

parts of the environment mesh. In total, 10 environments are

created: three with unmodeled objects (scenes S1–S3), three

with missing modeled features (scenes S4–S6), three with both

types of anomalies (scenes S7–S9), and one with no changes

at all (scene S0). The anomalies range in size and are placed

in locations that are reachable by the robot.

C. Sensor Simulation

1) Time-of-flight Sensor: The ToF sensors are designed to

simulate the VL53L5CX sensors from STMicro-Electronics

used on the real robot in this work. It is simulated by a grid

of 8 × 8 MuJoCo rangefinder sensors with a shared origin

and field of view of 45◦ both horizontally and vertically. Each

rangefinder has a maximum range of 4m. Noise is added to

each range measurement according to the model described in

Table I. Each ToF sensor generates data at a rate limited to at

most 15Hz.

2) Gyro Sensor: The gyro sensors are modeled using the

Mujoco gyroscope sensor. Noise is added to the gyroscope

measurements using a zero-mean Gaussian with a standard

deviation of 0.01 rad/s. The sensor data is sampled at a rate

of 100Hz.
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Fig. 3. Experimental setup including the extensible continuum robot, the
OptiTrack camera system, and a close-up of one of the sensorized rings
carrying the markers, ToF sensors, and IMUs. The scene depicted contains
all four objects present (scene R4).

3) Strain Sensor: Strain sensing is simulated through a

custom MuJoCo sensor plug-in by computing the bending

angle and curvature at specified points along the robot. To

map from the pseudo-rigid body representation of the robot to

a continuous strain profile a constant-curvature interpolation

scheme is employed. Specifically, each link’s midpoint is

treated as the endpoint of a constant-curvature arc whose ends

are tangent to the rigid link at the midpoint. This piecewise

constant-curvature approximation enables strain estimation at

any point along the robot. Zero-mean Gaussian noise with

standard deviations of 0.01m−1 and 0.015 rad is added to

the curvature and bending-angle measurements, respectively.

Strain data is sampled at a rate of 20Hz.

V. EXPERIMENTAL SETUP

The experimental setup, shown in Fig. 3, comprises a cube-

shaped environment (70 cm × 70 cm × 60 cm W×D×H),

four OptiTrack cameras, a set of objects and a soft, continuum

robot arm. The arm consists of three modules, each hav-

ing three flexures printed out of Thermoplastic Polyurethane

(TPU) 82A (Recreus) and a sensorized ring containing three

ToF sensors and a gyroscope unit. Both the flexures and the

ToFs for each module were oriented at 120◦ from one another,

and each module was offset by 60◦ with respect to the one

above it. At rest, the robot measures in at 53 cm in length,

with each module being approximately the same length. The

experimental scene is designed to stress-test the limits of the

proposed algorithm, with progressive anomalies increasing in

size until localization failure is achieved.

A. Sensor Characteristics

The ToF sensors used in this work are the VL53L5CX

sensors from STMicro-Electronics. Each sensor has a hori-

zontal and vertical field of view of 45° and produces an 8× 8
grid of ToF measurements. The sensor noise characteristics of

the VL53L5CX sensor were experimentally determined in [8],

where it was found that the sensor noise can be modeled as

a series of Gaussian distributions dependent on the measured

range. Specifically, the measurement noise standard deviation

for a single measurement is given in Table I. Each ring also

incorporates an ISM330BX IMU (STMicro-Electronics) setup

with an accelerometer full-scale of ±4 g and a gyroscope full-

scale range of ±500 dps. For this work, only the gyroscope

measurements are used in the estimation framework. The IMU

is sampled at 120Hz while the ToF sensors are sampled at

15Hz.

B. Data Collection and Environments

A total of five environments were created for experimental

validation, each with one more object added to the scene than

the previous. The objects added in order are: a mustard bottle

(scene R1), a cup (scene R2), a cracker box (scene R3), and

a wet floor sign (scene R4), with the final environment being

a scene with no objects (scene R0). The objects range in size

and shape to provide a variety of conditions for testing. Each

environment is scanned using the 3D scanner described in

section III-D to create a prior map for localization. A total

of 23 trajectories are collected across the five environments,

with all having at least four trajectories. During each trajectory,

four tendons actuated the robot: one in the central module and

three in the distal one. Due to the compliance of the flexures,

the arm displays significant compression when being actuated,

rendering any Kirchhoff rod approximations infeasible.

VI. RESULTS AND DISCUSSION

For all results shown (real-world and simulation), the es-

timator is initially tuned using one hold-out trial consisting

of a single trajectory operated in a fully known environment

(R4 for real-world and S0 for simulation). Tuning is done

by sweeping through reasonable values for the process and

measurement noise parameters and selecting the set that min-

imizes the average localization error at the marker locations.

The same tuned parameters are then used for all other trials.



TABLE II
LOCALIZATION ERROR IN SIMULATED ENVIRONMENT USING SCENE S0 AS

A PRIOR MAP. VALUES SHOWN AS MEAN ± STANDARD DEVIATION

ACROSS ALL TRIALS AND RINGS.

Scene Translation Error (cm) Rotation Error (deg)
MAE RMSE MAE RMSE

S0 0.78 ± 0.48 0.99 ± 0.65 0.96 ± 0.48 0.98 ± 0.48

S1 0.78 ± 0.48 0.99 ± 0.65 0.96 ± 0.48 0.98 ± 0.48
S2 0.78 ± 0.47 1.00 ± 0.64 0.96 ± 0.49 0.98 ± 0.48
S3 0.78 ± 0.48 0.99 ± 0.65 0.96 ± 0.48 0.98 ± 0.48

S4 0.61 ± 0.34 0.74 ± 0.38 0.96 ± 0.46 0.98 ± 0.45
S5 0.73 ± 0.43 0.94 ± 0.58 0.96 ± 0.48 0.98 ± 0.48
S6 0.77 ± 0.47 0.98 ± 0.64 0.96 ± 0.48 0.98 ± 0.48

S7 0.61 ± 0.34 0.74 ± 0.38 0.96 ± 0.46 0.98 ± 0.45
S8 0.76 ± 0.44 0.96 ± 0.60 0.96 ± 0.49 0.98 ± 0.48
S9 0.77 ± 0.47 0.98 ± 0.64 0.96 ± 0.48 0.98 ± 0.48

A. Simulation

To isolate the effect of prior map accuracy on localization

performance, we conducted a series of simulation experiments

where the robot actuation was kept identical while varying the

scenes. Three robot trajectories are executed in each of the 10

scenes (S0–S9). For each of the 30 trials, the prior map used

was that of scene S0. The results are summarized in Table II.

The simulation results show no noticeable degradation in

localization performance when the prior map deviates from the

true environment due to the addition or removal of geometries

from the map. This is made possible through the use of the

robust cost function employed with the ToF factors in this

work. The accuracy shown in the simulation deviates greatly

from the real-world results, primarily due to the role of the

strain sensor data in the estimate, as well as the idealized

nature of the simulated environment and comparatively small

map deviations, among other sources of unmodeled error. The

strain sensor alone, in the absence of time-of-flight, does not

provide enough information for accurate localization, resulting

in ‘spatial drift’ in the estimates. In this case, the error in the

estimate increases from the base towards the tip, resulting in a

large dip in tip accuracy compared to the fused time-of-flight

and strain sensor setup. Likewise, time-of-flight without strain

measurements results in estimates that frequently converge to

local minima, due in large part to the radial symmetry of the

environment.

Side-by-side comparisons of the estimated robot shape

against the simulated robot for the S8 scene are shown in

Fig. 4. Fig. 5 shows a side-by-side of the true scene, prior

map, and reconstructed scene via ToF measurements and the

method described in Section III-E. The scene is constructed

using all estimates collected on scene S8. In the simulated

environment, the small anomalies present are not large enough

to significantly affect localization and scene reconstruction

accuracy.

B. Real World Experiments

Localization performance is evaluated for every combina-

tion of prior map and real environment (that varies by one

Mujoco Model Estimation Result

Anomalies

Ground 

Truth Poses

Fig. 4. Side-by-side comparison of the simulated environment (left) and the
estimated robot (right). The estimated robot shape and trajectory closely match
the ground truth, with an average position error at the marker locations of less
than 1 cm and rotational error of less than 1

◦. Anomalies in the environment
are marked—they appear to have little effect on localization performance in
simulation.

object) as described in Section V-B. The results are summa-

rized in Table III. For trials where the prior map matches

the real environment, the estimator performs accurately and

consistently, achieving average position errors between 1.2 cm
to 2.5 cm and rotational ones between 3.7◦ to 10.3◦.

When we introduce deviation between the true scenes and

the prior, localization performance typically degrades. When

an object is added to the environment, the localization error

increases by an average of 1.7 cm and 1.0◦ across all trials.

When an object is removed from the environment, the local-

ization error increases by an average of 0.5 cm and 1.5◦. The

largest degradation in performance occurs when the large wet-

floor sign is added to the environment, causing the average

position error to increase to 5.1 cm and rotational error to 6.5◦

when added and to 3.6 cm in position and 14.6◦ in rotation

when it is removed.

The trial with the median performance (of all 61 combina-

tions tested) is highlighted in Fig. 6, showing a side-by-side



Actual Scene Prior Map Reconstructed Scene

Fig. 5. Simulated scene S8 (left), prior map S0 (middle), and the recon-
structed scene (right) via ToF measurements. A depth-based color gradient
is applied to the point clouds for visual clarity. The small objects added and
removed between the two scenes appear to have little effect on localization
performance in simulation.

TABLE III
LOCALIZATION ERROR GROUPED BY EXPERIMENT CONDITION. VALUES

SHOWN AS MEAN ± STANDARD DEVIATION ACROSS ALL TRIALS AND

MOTION CAPTURE RINGS.

Map – Scene Translation Error (cm) Rotation Error (deg)
MAE RMSE MAE RMSE

Localization within known environment (no anomalies)

R0 – R0 1.8 ± 0.6 1.9 ± 0.7 5.2 ± 1.4 5.8 ± 1.8
R1 – R1 1.9 ± 0.9 2.3 ± 1.3 6.3 ± 4.3 7.8 ± 6.0
R2 – R2 2.0 ± 1.0 2.4 ± 1.3 6.3 ± 3.9 7.9 ± 5.5
R3 – R3 1.7 ± 0.8 1.9 ± 1.0 5.9 ± 2.6 6.8 ± 3.7
R4 – R4 1.9 ± 0.4 2.0 ± 0.4 8.4 ± 5.0 9.1 ± 5.1

Localization in environments with an additional object

R0 – R1 3.2 ± 2.0 3.5 ± 2.1 8.6 ± 6.6 9.7 ± 7.3
R1 – R2 2.6 ± 1.8 3.0 ± 2.3 7.3 ± 5.3 9.0 ± 7.3
R2 – R3 3.2 ± 2.2 3.5 ± 2.2 7.0 ± 3.2 8.0 ± 4.1
R3 – R4 5.1 ± 2.1 5.3 ± 2.1 6.5 ± 4.3 7.6 ± 5.8

Localization in environments with a removed object

R1 – R0 1.7 ± 0.6 1.9 ± 0.7 4.3 ± 1.5 4.9 ± 2.1
R2 – R1 2.0 ± 1.0 2.4 ± 1.4 6.4 ± 4.4 7.8 ± 6.1
R3 – R2 2.0 ± 1.0 2.4 ± 1.3 6.4 ± 3.8 7.9 ± 5.4
R4 – R3 3.6 ± 2.6 4.0 ± 2.9 14.6 ± 4.0 16.8 ± 5.3

comparison of the real robot and the estimated robot shape at

several timesteps. The estimator clearly tracks the robot shape

well, with this particular trial achieving an average position

error of 1.7 cm and rotational error of 6.7◦ at the marker

locations.

As with most continuum robot applications, the tip ring

tends to have the worst localization performance due to error

accumulation along the length of the robot. Average localiza-

tion errors for each ring across all trials are summarized in

Table IV. While the ToF readings directly constrain the tip

position along some axes, the distance from the strong prior

information at the base of the robot leads to the tip disc being

most susceptible to local minima.

TABLE IV
LOCALIZATION ERROR OF INDIVIDUAL MOTION CAPTURE RINGS.

RESULTS POOLED ACROSS ALL EXPERIMENT CONDITIONS.

Ring Translation MAE (cm) Rotation MAE (deg)

Top 1.7 ± 1.3 4.8 ± 4.1
Middle 2.3 ± 1.2 7.0 ± 3.4

Bottom (Tip) 3.6 ± 1.9 9.9 ± 4.9

Fig. 6. Side-by-side comparison of the real environment (left) and the
estimated robot (right) for the median-performing trial (median average
localization error). The estimated robot shape and trajectory reasonably match
the ground truth, drawn as a coordinate axes, with an average position error
at the marker locations of 1.7 cm and rotational error of 6.7◦.

A side-by-side comparison of the real environment, prior

map, and reconstructed scene via ToF measurements for the

R4 – R4, R3 – R4, and R3 – R3 trials is shown in Fig. 7.

In the cases where the prior map is accurate to the scene,

reconstruction closely matches the real environment (per-

point RMSE of 0.8 cm for R4 – R4, 1.2 cm for R3 – R3).

When large anomalies degrade the localization performance,

the reconstructed scene also deviates significantly from the

real environment (per-point RMSE of 1.4 cm). This indicates

that improving localization performance in the presence of

anomalies will also improve scene reconstruction accuracy.

C. Limitations and Future Work

1) Sensor Degeneracies and Local Minima: As the ToF

sensors acquire sparse measurements of the environment, even

in feature-rich scenes, they are more susceptible to causing



Real Scene Prior Map Reconstructed Scene

Fig. 7. Real scenes (left), prior maps (middle), and the reconstructed scenes
(right) via ToF measurements for the R3 – R3 (top), R3 – R4 (middle),
and R4 – R4 scenarios. A depth-based color gradient is applied to the point
clouds for visual clarity. Objects in the scene with high reflectance or low
incidence angle to the ToF sensors can lead to noisy measurements that affect
reconstruction quality. This can be seen most clearly surrounding the cup on
the left side of both scenes.

the estimator to get stuck in local minima. Without a method

for detecting and escaping these minima, the estimator can

produce large localization errors in certain scenarios. Ex-

ample failure cases are shown in Fig. 8. A poor initializa-

tion, significant departure of the real scene from the map,

and sudden movements can all lead to the estimator more

easily converging to local minimum solutions. This is not

too surprising given the information being generated by the

real-world robot. The experiment setup used in this work is

particularly challenging with respect to degenerate scenarios

due to the robot being extensible, the sensors having a limited

field of view, and the scene having many symmetries. As

demonstrated in the simulation result, the addition of more

diverse sensor modalities (e.g., strain) helps alleviate this

issue. The strain sensor information provides a restoring force

effect to solutions that would otherwise have jumped to a

local minimum. The ISM330BX used as a gyroscope in this

work also provides accelerometer measurements that could be

incorporated to aid in this regard, though this is left to future

work.

2) Estimator Smoothing and Tradeoffs: The estimator

framework used in this work introduces both temporal and

spatial smoothing of the estimate. This effect is a double-edged

sword. On one hand, it helps regularize the estimate and avoid

overfitting to noisy measurements. On the other hand, it can

prevent the estimator from accurately capturing rapid changes

in the robot’s shape over time. The local minima observed in

the failure cases appear to be a result of both a highly deviated

scene from the prior map and a sudden change in robot shape.

Fig. 8. Example side-by-side comparison of the real environment (left)
and the estimated robot (right) for failure cases in each of the three worst-
performing trials (highest average localization error). In each case, the
estimated robot shape and trajectory deviate significantly from the ground
truth, getting stuck in local minima. Each of these scenarios features a map
that is particularly challenging due to its deviation from the real system, where
the large wet-floor sign has been removed.

3) Prior Map Dependency: As shown clearly in the results,

the localization accuracy of this method is currently tied to the

accuracy of the prior map. The larger this deviation, the worse

the localization performance. While this is expected, it does

limit the applicability of this method to scenarios where a rea-

sonably accurate prior map can be obtained. Future work could

explore methods for relaxing this requirement, incorporating

live map updates, or otherwise improving robustness to map

inaccuracies.

4) Application: Anomaly Detection: One possible applica-

tion of this work is anomaly detection in support of inspection

tasks. To detect anomalies, each point in the reconstructed

point cloud is compared against the prior map. A point is

classified as an anomaly if its squared Mahalanobis distance

to the nearest neighbor in the prior map exceeds a threshold

τ , i.e.

(p̄j − pnn)
T (Σpj

+Σnn)
−1(p̄j − pnn) > τ, (12)

where pnn is the nearest neighbor point in the prior map with

prior covariance of Σnn. Fig. 9 highlights some results of this

detector using the data from this work. With the simulated

scenes performing slightly better with this rejection technique,

additional work is required to improve the localization to the
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Fig. 9. Real scene (top) with detected anomalies shown over prior map
(bottom) highlighted in red. The detection is more successful in the simulated
environment, where localization tends to be more accurate. Real-world exper-
iments show false-positive detections near scene objects that corrode sensor
readings. Further improvements to noise reduction and localization accuracy
are required to make this a viable anomaly detection method.

point of being able to reliably detect the changes in the real-

world experiments.

VII. CONCLUSION

In this work, we show that full-body localization of con-

tinuum robots is achievable using sparse, low-resolution ToF

sensors distributed along the robot body. Our proposed state

estimation framework achieves an average localization accu-

racy of 2.5 cm on an extensible continuum robot in 3D space,

despite frequent sensing degeneracies and moderate deviations

between the prior map and the true scene. These results

demonstrate that compact, body-mounted depth sensors can

support practical continuum robot localization without external

tracking, while highlighting remaining challenges related to

prior map dependence and local minima that motivate future

work.
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