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Abstract— This paper studies state estimation for continuum
robotic fingers during in-hand manipulation, where accurate
pose estimation relative to the environment is required in
feature-sparse scenes. To address this requirement, we adopt
a SLAM-based formulation that estimates the robot pose and a
local map from exteroceptive sensing. Continuum fingers lack
encoder-based joint angle measurements, while conventional
SLAM assumes feature-rich environments that are rarely avail-
able inside the hand. We propose a SLAM-based estimator that
fuses exteroceptive proximity sensing with a constant-curvature
kinematic prior by replacing encoder angles with virtual joint
angles from the model. The key idea is to leverage designed in-
hand self-body elements, namely the opposing fingers and the
palm, as stable reference geometry to maintain observability in
feature-spares environments. We evaluate our method through
free motion and grasping simulations, and analyze the effect
of presence and shape of the palm on estimation accuracy.
The proposed estimator outperforms a kinematics-only baseline
by suppressing bias, reducing a position error of an end
effector, and improving map quality. We demonstrate that
three-dimensional contoured palms enhance observability, and
a composite wavy palm yields the smallest errors without
temporal drift. These results indicate that designed in-hand
geometry enables effective state estimation for continuum fin-
gers in feature-sparse grasping scenarios, supporting reliable
in-hand manipulation.

I. INTRODUCTION

In-hand manipulation enables the adjustment of a grasped
object’s position and orientation without relying on arm
movement. This capability is critical in various applica-
tions such as cell-based manufacturing, precision assembly,
and tool usage. The effectiveness of in-hand manipulation
depends largely on how freely the object’s pose can be
adjusted within the hand. However, achieving wide-range
object manipulation within a confined workspace remains
a challenge. One of the main limitations arises from the
structure of conventional robotic fingers, which are typically
composed of fixed-length links and rotational joints. These
mechanisms inherently suffer from physical constraints such
as link interference, which restricts the bending range of
the fingers. To overcome this limitation, Morita et al. [1]
proposed robotic fingers inspired by continuum robots [2], as
part of a multi-fingered hand system. As shown in Fig. 1(a),
the proposed finger consists of two flexible rack gears and
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a chain of rigid links, which enables extension and bending
by controlling the feed amount of each rack gear. Simulation
results and grasping experiments shown in Fig. 1(b), demon-
strate that the proposed hand achieves a significantly wider
grasping range compared to conventional two-link fingers,
thanks to its enhanced extension and bending capabilities.

However, since continuum robots do not have clearly
defined joints, it is difficult to estimate their overall posture
by measuring joint angles as is done with conventional link-
based robots. In particular, state estimation during physical
interaction is a major challenge for continuum robots. Ex-
ternal forces generated when the finger contacts an object
cause deformation and break the constant curvature model
(CCM) [3] that is widely used in continuum robot kinemat-
ics. To address this issue, various approaches aiming at robust
state estimation have been proposed. Methods that estimate
the shape of continuum robots using resistive [4], inertial [5],
[6], magnetic [7], and optical [8] sensors have been reported.
However, these proprioceptive sensors can only measure the
robot’s own shape and cannot directly estimate the relative
pose with respect to the environment or the grasped object.
In grasping, if the pose at which the fingertip contacts the
object is unknown, contact planning and force control fail,
leading to slip or excessive force. Therefore, an exteroceptive
sensing method that can simultaneously acquire the robot’s
pose and environmental information is desirable.

A representative technique that meets this requirement
is simultaneous localization and mapping (SLAM), which
uses exteroceptive sensors such as LiDAR to estimate both
self-position and an environmental map [9]. Extending this
idea, Iwao et al. [10] proposed a method that estimates
the state of a multi-joint robot by incorporating proximity
sensors distributed over the whole body as exteroceptive
information within a SLAM framework. Their method fuses
an kinematic model based on encoder angle measurements
with distributed time-of-flight (ToF) proximity sensors for
state estimation [10]. To extend the framework to contin-
uum fingers where equipping an encoder to every joint is
impractical, we employ a CCM [11] to reconstruct virtual
joint angles in place of encoder measurements within Iwao’s
SLAM framework [10], enabling seamless fusion of extero-
ceptive proximity sensing with continuum robot kinematics
for robust state estimation.

However, unlike the feature-rich environment assumed by
conventional SLAM studies [10], shown in Fig. 2(a), the
grasping scenario considered in this study, Fig. 2(b), is
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Fig. 1. Schematic diagram of the proposed robotic hand and the grasping
experiment. (a) Overview of the proposed robotic finger. (b) Grasping a
sponge using the extension and bending capabilities of the robotics hand.
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Fig. 2. (a) Environment assumed in Iwao’s method [10]. (b) Environment
assumed in this study. (c) Hand setup with proximity sensors on both fingers
observing the object and palm.

extremely sparse in environmental features. Consequently,
applying Iwao’s method under limited observations results in
degraded estimation accuracy. To overcome this, we arrange
user-designable internal structures, such as opposing fingers
and the palm, within the detection range of the proximity
sensors and use them as persistent landmarks to compensate
for the lack of external features (Fig. 2(c)).

The rest of this article is organized as follows: Section II
presents the estimation framework, introduces the palm
shapes used as in hand reference geometry, and explains their
integration with proximity sensor SLAM and constant curva-
ture virtual joint angles. Section III describes the simulation
setup and evaluates estimation accuracy with and without the
palm and across different palm shapes. Section IV discusses
the effectiveness and limitations of the approach. Finally,
Section V concludes the paper.

II. METHOD
A. Preliminaries on SLAM-based State Estimation

Iwao et al.’s method [10] builds upon the SLAM frame-
work FAST-LIO2 [12], originally developed for mobile
robots, leveraging its advantages. In Iwao et al.’s approach
[10], state estimation is performed by utilizing spatiotem-
poral propagation of information obtained from proximity

sensors distributed across each link of the multi-jointed
structure. The estimation process is divided into two stages:
estimation of the root link, followed by estimation of the
subsequent links. First, the root link’s state is estimated
using standard techniques by integrating predictions from
the previous time step with observations from proximity
sensors mounted on the root. This procedure yields both the
state of the root link and information on the surrounding
environment. Once the root link has been estimated, the
subsequent links are estimated using a kinematic model that
incorporates spatial constraints under the assumption that all
links form a serial chain. In this model, the state of each
link is recursively described on the basis of the state of
its adjacent upstream link, so estimation proceeds from the
root toward the terminal link; this process is referred to as
spatial-direction estimation. However, not all state variables
propagate spatially. Variables such as joint bias, which evolve
independently of inter-link constraints, are predicted from
past values; because this estimation proceeds along the
time axis, it is termed temporal-direction estimation. By
integrating both spatial and temporal information, the method
estimates the state of each link.

The state of the i-th link at time step k is described as
follows:

pi,k = pi−1,k +Ri−1,k
i−1pi, (1)

Ri,k = Ri−1,k Exp

{
θi,k − (bi,k−1 − ωθ)

θi,k
∥θi,k∥

}
, (2)

bi,k = bi,k−1 + ωb. (3)

Here, p and R denote the position vector and rotation
matrix, respectively. i−1pi represents the relative position
of link i with respect to link i − 1, and bi,k denotes the
encoder bias, where ωb represents white noise associated
with the encoder bias evolution. The operator Exp {·} maps
an element of so(3) to SO(3). Thus, the term inside the
braces expresses the relative orientation between links i and
i − 1 based on the encoder measurement θi,k, where ωθ

denotes white noise. Because the position and orientation of
the root do not depend on the structure’s kinematics, they
are modeled independently of (1) and (2); their changes are
treated as random walk noise, as in (3).

The observation model derived in [12] is applied indepen-
dently to each link. Using the error-state vector x̃, the model
is linearized around the nominal state as

x̃0,k = Ftx̃0,k−1 + Fω ω0, (4)

x̃i,k = Fsx̃i−1,k + Ftx̃i,k−1 + Fω ωi, (5)

zi,k = Hx̃i,k + vi. (6)

Here, Fs, Ft, Fω , and H are Jacobian matrices with
respect to the error state, ω denotes system noise with
covariance matrix Q, and v represents measurement noise.
zi,k denotes the observation from the proximity sensors.

An error-state iterated Kalman filter [12] fuses the obser-
vation data with the system model to estimate each link’s
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Fig. 3. Rotational angles of the virtual joints derived from the constant-
curvature model.
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Fig. 4. Overview of the state estimation process of the proposed method
when applying Iwao’s method [10] to the continuum robot fingers.

posture relative to the environment. For environmental map-
ping, point cloud data generated from the estimated states
of the links are integrated into the global map. For further
details, refer to [10].

B. Application to Proposed Fingers

To apply the method of Iwao et al. [10], we approximate
the continuum robot as a serial, multi-joint structure. How-
ever, unlike conventional rigid-link manipulators, continuum
robots cannot easily accommodate joint encoders, so direct
measurement of individual joint angles is infeasible and
the original algorithm cannot be applied unmodified. We
therefore exploit the fact that the curvature of each finger
is controlled by the rack displacements and interpret this
bending as the rotation of a set of virtual joints. These virtual
joint angles are interpolated by means of a CCM.

Morita et al. [1] showed that, under the constant curvature
assumption, the overall curvature κ of the finger is related
to the rack displacements L1 and L2 by

κ =
L2 − L1

L2 + L1

2

w
, (7)

where w is the distance between the racks.
Within Iwao’s formulation, the required joint angles are

replaced with those obtained from the CCM. Fig. 3 yields

κ =
2

∥0p1∥
sin θ0, (8)

where θ0 is the rotation of the first virtual joint and ∥0p1∥
is the distance from the base to the first joint.

(a) (b) (c) (d)

Fig. 5. Palm shapes used in the simulations. (a) Flat palm. (b) Step-shaped
palm. (c) Wavy palm. (d) Composite wavy palm.

For the i-th joint, the rotation angle becomes

θi = arcsin
(κ
2
· ∥ipi+1∥

)
, (9)

with ipi+1 denoting the relative position between joints i
and i+1. If ∥ipi+1∥ is identical for all links, (9) reduces to
the uniform angle θi = θ0. Substituting this into (2) enables
state estimation for every joint. Fig. 4 illustrates the overall
procedure of the proposed method.

C. Palm Shape

This study assumes a sparse environment consisting only
of the state-estimation finger, the opposing finger, the palm,
and the grasped object, as shown in Fig. 2(c). Fig. 5 presents
the palm shapes employed in the simulations.

Fig. 5(a) depicts a flat palm equivalent to a rectangular
solid with dimensions 200 × 400 × 200mm3. Fig. 5(b) is
produced from the solid in Fig. 5(a) by removing step-
shaped regions1. Fig. 5(c) is a wavy palm obtained from
the same solid by excising a sinusoidal region2. Fig. 5(d)
is a composite wavy palm created by removing a complex
three-dimensional region3.

III. SIMULATION

A. Purpose and Overview of the Simulation

To verify the effectiveness of the proposed state estimation
method in grasping scenarios, simulations are conducted in
Gazebo. The simulated manipulator is modelled as a multi-
joint structure composed of five links connected in series,
each joint having a single degree of freedom about the z-
axis. The origin of every link’s coordinate frame is placed
at the center of its upstream joint. The x-axis is aligned
with the link length, the y-axis points in the depth direction,
and the z-axis points upward. Each link is 0.04m long; the
joint diameter, link width, and link height are all 0.02m.
Eight proximity sensors modelled on the VL53L5CX [14] are
evenly arranged around the circumference at the mid-length
of every link. Each sensor returns 64 distance readings,
yielding 512 points per link. The sensing range is set to

1The step-shaped regions are defined, in a coordinate frame whose origin
is the centroid of the solid, by y = 100 (0 < x < 1

3
), y = 50 ( 1

3
< x <

2
3
), and y = 0 ( 2

3
< x < 1), together with their mirror images about the

y-axis.
2The region is bounded by y = 50 cos

(
2π
400

x
)
+50 for −200 < x < 200

and by y = 100, x = ±200.
3First, the region bounded by y = 20 cos

(
2π
200

z
)
− 30 for −100 < z <

100 and by y = 100, z = ±100 is projected onto the plane x = 100;
next, this projected region is swept along the path y = 50 cos

(
2π
400

x
)
+50

for −200 < x < 200 and removed.
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0.05–1m. Measurement uncertainty is represented by white
Gaussian noise. The three-sigma value of the noise is defined
as αr, where r is the measured distance and α is the noise-
level parameter; hence the standard deviation is 2.7σ = αr.
Both the input point cloud and the map maintained by the
SLAM system are downsampled with a voxel resolution of
0.01m.

At each simulation trial, the state-estimation finger is
driven by nominal sinusoidal joint trajectories derived from
a constant curvature prior. The ground-truth motion is pro-
duced by Gazebo physics, including contact and discretiza-
tion effects, and therefore does not strictly satisfy the prior.
The opposing finger is commanded either to remain perfectly
straight or to follow a sinusoidal position command that is
180◦ out of phase with that of the state-estimation finger. The
accuracy of the proposed estimator is evaluated by comparing
its output with the finger state obtained solely from the
kinematic model. Section III-B compares the estimation
accuracy with and without the palm. Section III-C evaluates
the estimation accuracy during grasping tasks.

B. Verification of Palm Effects

This section evaluates how the presence and shape of the
palm affect state estimation in the absence of a grasped
object. The comparison covers a model without a palm and
the four palm shapes shown in Fig. 5.

Each joint is driven by the command

θi = A sin(ωt) +B, (10)

where A = 0.1 rad, ω = 0.0005 rad/s, and B = 0.2 rad.
The coordinate frame for the palm geometry is defined at
the mounting position of the robot’s base link on the ground,
and the axes are set as shown in Fig. 6.

Fig. 6 presents the simulation results. When the flat palm
of Fig. 5(a) is used, the estimated pose deviates from the
ground truth and the environmental map is not correctly
constructed, as shown in Fig. 6(f). In contrast, with uneven
palms (Fig. 6(i), Fig. 6(j), Fig. 6(k)), the estimated pose
is close to the ground truth and the environmental map is
accurately reconstructed.

Fig. 6(h) and 6(i) compare the proposed method with
estimation using only the CCM and show that the proposed
method compensates for bias and improves both pose esti-
mation and map construction.

Table I reports the root mean square error (RMSE) of the
tip link origin in x, y, z, and their Euclidean combination for
each palm condition and for the kinematics only baseline.
Among all conditions, the composite wavy palm achieves
the smallest total RMSE at 0.018m, with the lowest x and y
errors at 0.004m and 0.009m. The flat palm performs worst,
yielding a total RMSE of 0.040m with increased x and y
errors. The kinematics only model records a total RMSE
of 0.029m, larger than the proposed estimator in all cases
except the flat palm.

We therefore focus the detailed plots on the best per-
forming case, the composite wavy palm. Fig. 7(a) compares
the trajectory of the origin of the tip link obtained by the

x

y z

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k)

Fig. 6. Simulation snapshots. (a,d,g) Robot hand (b,e,h) Finger state using
constant curvature model without estimation. (c,f,i,j,k) Finger state using
proposed estimation method. (a,b,c) without palm, (d,e,f) with flat palm,
(g,h,i) with composite wavy palm, (j) with step-shaped palm, (k) with wavy
palm.

TABLE I
ESTIMATION RMSE IN METER

Baseline Proposed estimator
Kinematic

model
w/o
palm

w/
Fig. 5(a)

w/
Fig. 5(b)

w/
Fig. 5(c)

w/
Fig. 5(d)

x 0.015 0.016 0.021 0.005 0.013 0.004
y 0.025 0.011 0.028 0.007 0.029 0.009
z 0.000 0.005 0.019 0.017 0.011 0.014

Total 0.029 0.020 0.040 0.020 0.034 0.018

proposed method with that obtained by the CCM alone and
with the ground truth. Fig. 7(b) shows the errors between the
estimated positions and the ground truth for each method.
For the composite wavy palm, the estimation error of the
proposed method does not grow over time and remains closer
to the ground truth than the error of the CCM throughout the
simulation.

C. State Estimation during Grasping

This subsection evaluates the accuracy of state estimation
when a grasped object is present. The object is a rectangular
block measuring 0.05× 0.05× 0.20m3, positioned midway
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Fig. 7. Comparison of state estimation results with compoisite wavy palm (Fig. 5(d)). (a) shows trajectories from the proposed method, constant curvature
model without estimation, and ground truth. (b) shows position errors from the proposed method and constant curvature model without estimation compared
to ground truth.

between the two fingers. Three scenarios are considered: no
palm, a flat palm (Fig. 5(a)), and a composite wavy palm
(Fig. 5(d)). Each joint is driven by the command in (10)
with A = 0.15 rad, ω = 0.005 rad/s, and B = 0.15 rad.

Fig. 8 summarises the results. With the flat palm, the
estimated pose deviates from the ground truth and the
environmental map is not reconstructed correctly, as shown
in Fig. 8(f). Conversely, the composite wavy palms (Fig. 8(i))
yield pose estimates close to the ground truth, and the maps
are generated accurately. Fig. 8(h) and 8(i) compare the
proposed method with estimation based solely on the CCM;
the proposed approach reduces bias and achieves higher
precision in both pose estimation and map reconstruction.

Fig. 9(a) and Fig. 9(b) are the grasping counterparts of
Fig. 7(a) and Fig. 7(b), respectively. Among the three cases,
the composite wavy palm yields the smallest errors, which
remain bounded over time when the proposed method is
used.

IV. DISCUSSION

This section summarizes why the proposed estimation
framework, namely the integration of a CCM prior, proximity
sensor SLAM, and in hand reference geometry, stabilizes
estimation in sparse environments, as well as its current
limitations and effective remedies. The primary reason that
three dimensional palm geometries outperform a flat plane is
that the measurement model (6) assumes a local planar fit, so
geometric constraints strengthen as curvature and depth cues
increase. In addition, a flat palm induces left right symmetry
in the environment, which makes corridor like ambiguities
likely. In particular, the composite wavy palm continuously
supplies depth and curvature cues, simultaneously improving
map quality and pose observability.

The first limitation of the proposed framework is that map
updates assume a static environment. When the object or the
opposing finger moves, past points remain, and large outliers
persist until nearby observations are obtained. This limitation
can be mitigated by introducing time decay forgetting and
dynamic object masking. These measures do not require
explicit knowledge of the object pose and maintain stable
map updates in sparse grasping scenes.

x

y z
(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Fig. 8. Simulation snapshots in grasping. (a,d,g) Robot hand (b,e,h) Finger
state using constant curvature model without estimation. (c,f,i) Finger state
using proposed estimation method. (a,b,c) without palm, (d,e,f) with flat
palm, (g,h,i) with composite wavy palm,

Penetration into the grasped object arises because the line
of sight is occluded near the object, observations become
scarce, and the filter is pulled toward the CCM prior. In
our experiments with the composite wavy palm, the error
did not grow over time and remained within a range that
did not hinder task level performance. As countermeasures,
suppressing updates and applying short term forgetting in
contact bands, together with automatically tuning the prior
weight according to observation density, are effective. All
of these are implementable without knowing the object pose
and curb overreliance on the prior.

The second limitation is that the simulation kinematics
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Fig. 9. Comparison of state estimation results with compoisite wavy palm (Fig. 5(d)) in grasping. (a) shows trajectories from the proposed method,
constant curvature model without estimation, and ground truth. (b) shows position errors from the proposed method and constant curvature model without
estimation compared to ground truth.

lack a degree of freedom about the z axis and provide
little information along z, which allows error to accumulate
in that direction. Expanding the state space to include z
axis rotation and extension, together with palm designs that
increase three dimensional features along z, is expected to
enhance estimation accuracy.

This study focuses on pose estimation for a single finger.
Extending to a multi finger configuration would provide
additional in hand reference geometry and contact constraints
through inter finger interactions, enabling further accuracy
gains. Taken together, the framework that integrates in hand
reference geometry with a CCM prior provides a viable
basis for estimation in sparse environments, and with modest
extensions it can be applied to dynamic and more complex
scenes.

V. CONCLUSIONS
This paper presented a state-estimation method for a

shape-flexible multi-fingered hand that combines constant-
curvature kinematic priors with exteroceptive proximity sens-
ing within a SLAM framework. The method leverages user-
designable internal structures, namely the opposing finger
and the palm, which serve as persistent reference geometry
to maintain observability in sparse grasping environments.
Simulation studies demonstrate that the proposed estimator
outperforms a kinematics-only baseline by suppressing bias
and reducing a position error of an end effector. Three-
dimensional palm geometries improve pose observability
and map quality, and the composite wavy palm yields
the smallest errors without temporal growth. These results
indicate that appropriately designed palms can substitute for
dense external features, enabling reliable state estimation for
continuum fingers during in-hand manipulation. Future work
will incorporate extension and contraction states, evaluate
dynamic scenes, and investigate multi-finger interactions
together with hardware validation. We will also explore co-
design of palm geometry, sensor placement, and estimation
parameters to further enhance accuracy and robustness.
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