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This paper investigates state estimation for continuum
robotic fingers in feature-sparse and dynamic in-hand
manipulation environments. Continuum fingers, in-
spired by continuum robots, offer enhanced flexibility
and wider reachable workspace compared with con-
ventional rigid-link fingers to enable grasping and ma-
nipulation tasks. However, they lack encoder-based
joint angle measurements, making it difficult to deter-
mine fingertip positions, particularly under external
forces during contact. This limitation hinders precision
grasping and prevents the full exploitation of their high
dexterity. To address this challenge, we developed a
simultaneous localization and mapping framework for
continuumfingers using proximity sensors. Unlike con-
ventional simultaneous localization and mapping that
assumes feature-rich environments, grasping scenar-
ios present feature-sparse conditions with limited envi-
ronmental information. We propose an estimator that
fuses proximity sensingwith a constant-curvature kine-
matic prior by replacing encoder angles with virtual
joint angles. The key idea is to leverage the designed in-
hand elements, namely opposing fingers and the palm,
as stable reference geometry. Simulations demonstrate
that the proposed estimator outperforms a kinematics-
only baseline by suppressing bias and reducing position
error. Three-dimensional contoured palms enhance
observability, with a composite wavy palm yielding the
smallest errors without temporal drift. These findings
indicate that the designed in-hand geometry combined
with temporal map management enables effective state
estimation for continuum fingers in feature-sparse and
dynamic grasping scenarios.

Keywords: continuum robot, proximity sensor, time-
of-flight sensor, simultaneous localization and mapping
(SLAM)

1 . Introduction

Accurate state estimation during physical interaction is
fundamental to robotic manipulation [1]. The effective-
ness of in-hand manipulation depends largely on how pre-
cise the robot can perceive both its own configuration and

the pose of grasped objects relative to the surrounding
environment [2]. However, achieving such precise state
estimation is particularly challenging in confined grasp-
ing workspaces. First, conventional vision-based sensing
provides limited information owing to occlusions and re-
stricted viewing angles within the hand [2]. Second, not all
modern robotic hands possess high rigidity. Emerging soft
robotic [3] and continuum structures, which offer advan-
tages such as adaptability and safety, lack clearly defined
joints with direct angle measurements [4, 5]. Third, con-
tact forces duringmanipulation cause deformations that in-
validate purely kinematic models [6, 7]. These challenges
necessitate alternative sensing and estimation approaches
that can operate effectively in close proximity, feature-
sparse environments while accounting for structural com-
pliance.

Proximity sensor data, as proximity information for
tasks involving contact, can serve as valuable exterocep-
tive information [8]. Unlike vision sensors whose field of
view is completely obstructed when they are too close to
objects, proximity sensors can obtain information at close
range where physical interactions occur. Because these
sensors are small and lightweight, they can be placed on
the robot’s entire body to acquire environmental informa-
tion surrounding the entire structure. However, existing
approaches that focus on individual sensor outputs [9–12]
can only measure local environmental geometry, and can-
not directly estimate the robot’s overall pose with respect
to the environment or grasped object. To achieve accurate
state estimation for the entire robotic structure, it is neces-
sary to integrate information from all distributed sensors
and estimate the whole-body posture relative to the envi-
ronment.

Simultaneous localization and mapping (SLAM) [13]
has been applied to robot arms to address state uncer-
tainty [14, 15]. Although studies have successfully re-
duced angular errors using depth or RGB-D cameras, these
cameras cannot obtain information at close range and are
not suitable for situations involving contacts. To address
this limitation, Iwao et al. [16] proposed the integration of
proximity sensors distributed over the entire body into a
SLAM framework. Their method extended the discrete-
time model used in SLAM to the spatial direction of the
articulated structure, enabling state estimation that fuses
a kinematic model based on encoder measurements with
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Fig. 1. (a) Environment assumed in Iwao’s method [16].
(b) Environment assumed in this study. (c) Hand setup with
proximity sensors on both fingers observing the object and
palm.

distributed time-of-flight proximity sensors. This spatial
progression of estimation enables the correction of cumu-
lative biases along the length of the structure from the root.

However, Iwao’s method [16] assumes that joint angles
can be obtained from encoders at each joint, which be-
comes problematic for soft and continuum robotic struc-
tures that lack clearly defined joints and discrete rotation
axes. For in-hand manipulation tasks, continuum robots
offer significant advantages over conventional rigid-link
fingers, including wider ranges of motion and better adapt-
ability to confined spaces [17]. Therefore, extending state
estimation methods to continuum structures is essential to
realize dexterous in-hand manipulation.

Several limitations remain that prevent the practical
application to in-hand manipulation tasks. First, unlike
the feature-rich environments assumed by conventional
SLAM studies [16], grasping scenarios present extremely
sparse environmental features, as shown in Fig. 1(b) [18].
In our previous work [19,20], we used the opposing finger
and palm as in-hand landmarks within the sensors’ range,
providing a stable reference geometry in sparse grasping
scenarios (Fig. 1(c)). Second, grasping environments are
inherently dynamic; the grasped object and opposing fin-
gers move during manipulation, causing previously ob-
served points to become outdated and introducing large
outliers into the map. Without proper handling of these dy-
namic elements, both state estimation and map quality de-
cline, preventing the reliable extraction of object geometry
from accumulated point clouds. Third, the previous work
only estimated a single finger’s state, but robotic hands are
typically composed of multiple fingers. Accurate state es-
timation of all fingers is essential for successful in-hand

manipulation while providing sufficient information on the
grasped object’s geometry for manipulation planning.

This paper presents three key extensions to our previous
work. First, we preload palm point clouds into the SLAM
map to provide a stable reference geometry from the out-
set, improving the estimation accuracy by ensuring that
persistent landmarks are available even when external fea-
tures are scarce. Second, we introduce a forgetting mecha-
nism that applies time-decay forgetting to the environmen-
tal map. By combining strong geometric constraints from
the preloaded palm with temporal forgetting of outdated
observations, our method maintains robust state estimation
and high-quality maps even in dynamic grasping environ-
ments. This approach preserves map integrity, potentially
enabling the future extraction of object geometry from ac-
cumulated point clouds for manipulation planning. Third,
we extend the estimation framework to simultaneously es-
timate multiple fingers by running independent estimation
processes for each finger and integrating their point clouds.
This increases the available map information and enables
better understanding of the grasped object’s geometry for
manipulation planning.

The statement of our problem and corresponding pro-
posal to solve it are as follows:

• Problem statement

– Continuum robotic fingers lack encoder-based
joint-angle measurement capability.

– Grasping environments provide insufficient fea-
tures for conventional SLAM methods.

– The grasping environment is dynamic, with mov-
ing objects and opposing fingers that invalidate
static map assumptions.

• Proposed approach

– Substitute constant curvature model constraints for
encoder measurements in SLAM.

– Use self-body elements (palm and opposing fin-
gers) as stable reference features, with preloaded
palm point clouds to improve initial observability.

– Introduce a forgetting mechanism to handle dy-
namic environments through the time-decay forget-
ting of outdated observations.

– Extend simultaneous multifinger estimation by
running independent processes for each finger to
increase map information and enable a better un-
derstanding of the object geometry.

• Key innovation

– Enables state estimation for continuum fingers
in sparse and dynamic grasping environments
through designed reference structures, temporal
map management, and multifinger coordination.

The remainder of this paper is organized as follows. Sec-
tion 2 presents the estimation framework, introduces the
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palm shapes used as in-hand reference geometry, and ex-
plains their integration with the proximity sensor SLAM,
constant-curvature virtual joint angles, forgetting mech-
anism, and multifinger estimation. Section 3 describes
the simulation setup and evaluates the estimation accuracy
with and without the palm for different palm shapes and in
dynamic grasping scenarios. Section 4 discusses the effec-
tiveness and limitations of the proposed method. Finally,
Section 5 concludes the paper.

2 . Method

2.1. Preliminaries on SLAM-Based State
Estimation

Iwao et al.’s method [16] builds upon the SLAM frame-
work FAST-LIO2 [21], originally developed for mobile
robots. In the approach [16], state estimation is performed
by utilizing the spatiotemporal propagation of information
obtained from proximity sensors distributed across each
link of the multijointed structure. The estimation process
is divided into two stages: estimation of the root link and
estimation of subsequent links. First, the state of the root
link is estimated using standard techniques by integrating
predictions from the previous time step with observations
from proximity sensors mounted on the root. This pro-
cedure yields both the state of the root link and informa-
tion on the surrounding environment. Once the root link
has been estimated, subsequent links are estimated using
a kinematic model that incorporates spatial constraints un-
der the assumption that all links form a serial chain. In
this model, the state of each link is recursively described
based on the state of its adjacent upstream link. There-
fore, estimation proceeds from the root toward the terminal
link. This process is referred to as spatial-direction estima-
tion. However, not all state variables propagate spatially.
Variables such as joint bias, which evolve independently of
inter-link constraints, are predicted from past values. Be-
cause this estimation proceeds along the time axis, it is re-
ferred to as temporal-direction estimation. This method
estimates the state of each link by integrating both spatial
and temporal information.

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)

where p and R denote the position vector and rotation ma-
trix, 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 ele-
ment of 𝔰𝔬(3) to SO(3). Thus, the term inside the brackets
in Eq. (2) 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 kinematics of the struc-
ture, they are modeled independently of Eqs. (1) and (2).
Their changes are treated as random walk noise, as shown
in Eq. (3).

The observation model derived in [21] is applied inde-
pendently to each link. Using the error-state vector x̃, the
model is linearized around the nominal state as

x̃0,𝑘 = F𝑡 ̃x0,𝑘−1 + F𝜔 𝜔0, (4)
x̃𝑖,𝑘 = F𝑠x̃𝑖−1,𝑘 + F𝑡x̃𝑖,𝑘−1 + F𝜔 𝜔𝑖, (5)
z𝑖,𝑘 = Hx̃𝑖,𝑘 + v𝑖, (6)

where F𝑠, F𝑡, F𝜔, andH are Jacobian matrices with respect
to the error state, 𝜔 denotes system noise with the covari-
ance matrix Q, and v represents the measurement noise.
z𝑖,𝑘 = [z⊤

1 , … , z⊤
𝑚]⊤ represents the observation vector con-

taining 𝑚 point-to-plane residuals from all proximity sen-
sors on the 𝑖-th link. If a proximity sensor does not detect
any surface within its sensing range, its observation is un-
available and the sensor is excluded from this vector.

An error-state iterated Kalman filter [21] fused the ob-
servation data with the kinematic and observation models
(Eqs. (1)–(6)) to estimate the posture of each link relative
to the environment. For environmental mapping, the point-
cloud data generated from the estimated states of the links
were integrated into a global map. For more details, refer
to [16].

2.2. Adapting SLAM Framework for
Continuum Fingers

Continuum robots lack clearly defined joints and dis-
crete rotation axes, making them infeasible to directly
measure joint angles using encoders, as assumed in
Iwao et al. [16]. To address this limitation, we exploit the
fact that the curvature of each finger is controlled by rack
displacements and can be described by a constant curva-
ture model (CCM). By discretizing the continuous struc-
ture into virtual links, the bending can be interpreted as
the rotation of virtual joints. These virtual joint angles,
derived from the CCM, replace encoder measurements in
the SLAM framework to enable the seamless fusion of ex-
teroceptive proximity sensing with continuum robot kine-
matics.

It should be noted that the CCM serves as a nominal
kinematic model and not as a rigid constraint. Within the
Kalman filter-based framework, the CCM-derived virtual
joint angles are fused with proximity sensor observations,
and the filter corrects deviations from the CCM through
the bias estimation term 𝑏𝑖,𝑘 in Eq. (3).

The key requirement for applying our method is the abil-
ity to estimate the curvature of the robot, which can be
obtained through various method such as proprioceptive
sensing or geometric models. In this study, we demon-
strate the approach using the continuum finger structure
proposed by Morita et al. [17].

Morita et al. [17] showed that, under the constant cur-
vature assumption, the overall curvature 𝜅 of the finger is
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Fig. 2. Rotational angles of the virtual joints derived from
the constant-curvature model.
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Fig. 3. Overview of the state estimation process of the pro-
posedmethodwhen applying Iwao’smethod [16] to the con-
tinuum robot fingers.

related to the rack displacements 𝐿1 and 𝐿2 by

𝜅 =
𝐿2 − 𝐿1

𝐿2 + 𝐿1

2
𝑤

, (7)

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

placed with those obtained from the CCM. Fig. 2 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.

For the 𝑖-th joint, the rotation angle becomes

𝜃𝑖 = arcsin(
𝜅
2

⋅ ‖𝑖𝑝𝑖+1‖) , (9)

where 𝑖𝑝𝑖+1 denotes the relative position between joints 𝑖
and 𝑖 + 1. If ‖𝑖𝑝𝑖+1‖ is identical for all links, Eq. (9) is
reduced to the uniform angle 𝜃𝑖 = 𝜃0. Substituting this into
Eq. (2) enables the state estimation for every joint. Fig. 3
shows the overall procedure of the proposed method.

2.3. Palm Shape
This study assumes a sparse environment consisting

of the state-estimation finger, opposing finger, palm, and

(a) Flat palm (b) Composite wavy palm

Fig. 4. Palm shapes used in the simulations.

grasped object, as shown in Fig. 1(c). Unlike the feature-
rich environments assumed in conventional SLAM studies,
as shown in Fig. 1(a), grasping scenarios provide limited
environmental features (Fig. 1(b)) that can reduce estima-
tion accuracy. To address this challenge, we designed the
palm geometry to serve as a stable reference structure that
provides persistent geometric features for proximity sen-
sors. Fig. 4 presents the two palm shapes employed in this
study: a flat palm for baseline comparison and a composite
wavy palm designed to maximize geometric observability.

Figure 4(a) shows a flat palm equivalent to a rectangular
solidwith dimensions 200×400×200mm3. Fig. 4(b) shows
a composite wavy palm created by removing a complex
three-dimensional region1 from the same solid.

The palm geometry is represented as a prebuilt point-
cloud map 𝑀palm and integrated into the SLAM system as
an initial map. When multiple fingers operate simultane-
ously, each with its own coordinate frame, the same palm
point-cloud file is transformed according to each finger’s
mounting configuration before integration. The specific
transformation parameters and integration procedure for
multifinger scenarios are detailed in Section 2.5. To avoid
instability from uncertain initial pose estimates, the palm
map was not immediately integrated at system startup. In-
stead, the integration is delayed until 𝑛delay observation up-
dates have been completed, allowing the estimator to stabi-
lize before incorporating the prior geometric information.

2.4. Forgetting Mechanism
To maintain an accurate map in dynamic environments

where the grasped object and opposing finger may move,
we implemented the time-based forgetting mechanism that
removed outdated point-cloud data. Each point q𝑗 on the
map was assigned a timestamp 𝑡𝑗 upon observation. At the
current time 𝑡, points that satisfy 𝑡 − 𝑡𝑗 > 𝑇validity are re-
moved from the map, where 𝑇validity denotes the validity
period. This forgetting mechanism prevents the accumula-
tion of obsolete observations that no longer reflect the cur-
rent environmental state. The forgetting mechanism pro-
cess is executed at regular intervals 𝑇interval to balance the
computational load with real-time performance. These pa-
rameters were selected to accommodate typical object mo-

1. First, 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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tion speeds while maintaining a sufficient environmental
history for stable estimation.

2.5. Map Integration
In the proposed grasping scenario, multiple fingers were

equipped with proximity sensors and operated simultane-
ously. Each finger independently performs state estima-
tion using the method described in Section 2.2, maintain-
ing its own environmental map through a separate estima-
tion node and ikd-Tree structure [21]. Each finger operates
in its own world coordinate frame ℱ𝑓 , where 𝑓 denotes the
finger index.

At each time step, point-cloud data {p𝑗} acquired by
each link were transformed into the respective finger’s
world frame based on the estimated link states. For the
𝑖-th link, the transformation is as follows:

𝑊 q𝑗 = R𝑖,𝑘 (R
𝐿𝑖
𝑆 p𝑗 + p𝐿𝑖

𝑆 ) + p𝑖,𝑘, (10)

where p𝐿𝑖
𝑆 and R𝐿𝑖

𝑆 denote the position and orientation of
the sensor in the 𝑖-th link frame, respectively, p𝑖,𝑘 and R𝑖,𝑘
are the estimated state of the link from Eqs. (1) and (2),
respectively, and 𝑊 q𝑗 represents the map point in the world
frame.

To reduce computational load, the preloaded palm map
was downsampled using a voxel grid filter with resolution
𝑣size = 0.01 mbefore being transformed and integrated into
each finger’s map. Each finger maintains its own ikd-Tree
for efficient map management during estimation. Before
insertion, each observation point was checked against ex-
isting points in the finger’s local map. If the distance to the
nearest neighbor exceeds the threshold 𝑑min (set equal to
𝑣size), the point is added as a newmap point; otherwise, the
existing point is updated by incorporating the new observa-
tion. The observations acquired by each finger include not
only the palm and grasped object but also other fingers, as
all elements within the sensor’s detection range contribute
to the environmental map.

The palm geometry, represented as an initial map, must
be appropriately positioned for each finger’s coordinate
frame. The same palm point cloud file was loaded for all
fingers but transformed according to each finger’s mount-
ing configuration. For the 𝑓 -th finger, the palm map was
transformed by T𝑓

palm, which accounts for the relative posi-
tion and orientation of the finger with respect to the palm.

Although each finger independently estimates its state
and maintains its own map during the operation, the re-
sulting maps can be combined for comprehensive visual-
ization and analysis. Let 𝑀𝑓 denote the map generated by
the 𝑓 -th finger, expressed in its own coordinate frame ℱ𝑓 .
Tomerge these maps, each finger’s map is transformed into
a common reference frame via fixed transformations. For
instance, if the first finger’s frame is chosen as the refer-
ence, the composite map is obtained by

𝑀combined =
𝑁finger

⋃
𝑓=1

(T
1
𝑓 ⋅ 𝑀𝑓 ) , (11)

Algorithm 1 State estimation for a single continuum fin-
ger.
Require: Rack displacements 𝐿1, 𝐿2; Proximity sensor

data {p𝑗}
Ensure: Estimated link states {(p𝑖,𝑘,R𝑖,𝑘)}𝑁

𝑖=0; Updated
map 𝑀

1: Compute curvature 𝜅 from Eq. (7)
2: Compute virtual joint angles {𝜃𝑖} from Eqs. (8)–(9)
3:
4: Root link: Predict x̂0,𝑘 from ̄x0,𝑘−1; Update via iterated

Kalman filter
5:
6: Subsequent links:
7: for 𝑖 = 1 to 𝑁links do
8: Predict ̂x𝑖,𝑘 via spatial and temporal propagation

(Eqs. (1)–(3))
9: Update x̄𝑖,𝑘 via iterated Kalman filter
10: Transform {p𝑗}𝑖 to world frame (Eq. (10)) and in-

tegrate into map 𝑀
11: end for
12:
13: if time elapsed > 𝑇interval then
14: Remove points with age > 𝑇validity from 𝑀
15: end if

Algorithm 2 Multifinger map integration.
Require: Palm geometry 𝑀palm; Number of fingers

𝑁finger; Transformations {T𝑓
palm}, {T1

𝑓 }
Ensure: Individual maps {𝑀𝑓 }; Combined map

𝑀combined
1: Initialization:
2: for each finger 𝑓 = 1 to 𝑁finger do
3: 𝑀𝑓 ← T𝑓

palm ⋅ 𝑀palm
4: end for
5:
6: Runtime (parallel):
7: for each finger 𝑓 = 1 to 𝑁finger do
8: Execute Algorithm 1 for finger 𝑓
9: Update map 𝑀𝑓 and apply forgetting (periodic)
10: end for
11:
12: Post-processing: 𝑀combined ← ⋃

𝑁finger

𝑓=1 (T
1
𝑓 ⋅ 𝑀𝑓 )

where T1
𝑓 represents the transformation from the 𝑓 -th fin-

ger’s frame to the first finger’s frame, with T1
1 being the

identity transformation. These transformations, which rep-
resent the relative poses between the fingers’ coordinate
frames, were determined by the kinematic structure of the
hand and remain constant during the operation. The com-
posite map provides a complete view of the grasping envi-
ronment, as observed from all fingers, while independent
estimation ensures that errors in one finger do not directly
propagate to others. The overall procedures are summa-
rized in Algorithms 1 and 2.
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3 . Simulation

3.1. Simulation Setup

To verify the effectiveness of the proposed state estima-
tion method in dynamic grasping scenarios, simulations
were conducted in Gazebo. The simulated finger was mod-
eled as a multijoint structure composed of five links con-
nected in series, with each joint having a single degree of
freedom about the 𝑧-axis. The origin of each link’s coor-
dinate frame was 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 0.04 m long; the joint diameter, link width, and link
height are all 0.02 m.

Eight proximity sensors modeled on the VL53L5CX [a]
were evenly arranged around the circumference at the mid-
length of every link. Each sensor returned 64 distance
readings, yielding 512 points per link. The sensing range
was set to 0.05–1.0 m. The sampling rate of each sen-
sor was set to 15 Hz based on the specifications of the
VL53L5CX [a]. To simulate calibration errors, we intro-
duced a constant bias of 0.05 rad to the angle measure-
ment of each joint. The distance measurement uncertainty
was represented by white Gaussian noise. The three-sigma
value of the noise was defined as 𝛼𝑟, where 𝑟 is the mea-
sured distance and 𝛼 is the noise-level parameter; hence the
standard deviation is 2.7𝜎 = 𝛼𝑟. The noise level was set to
𝛼 = 0.01 for all simulations.

The grasping environment consists of two fingers posi-
tioned opposite each other with a separation distance of
0.4 m. Both fingers operated simultaneously, each main-
taining its own environmental map through a separate es-
timation node and ikd-Tree structure according to Algo-
rithm 2. Each finger operates in its own world coordinate
frame, denoted as ℱ𝑓 , where 𝑓 ∈ {1, 2}. For clarity, we
refer to finger 1 as the right finger and finger 2 as the left
finger. The transformation between the two fingers’ coor-
dinate frames is T1

2 = [I ∣ (0.4, 0, 0)⊤], which remains con-
stant during the operation. The global coordinate frame is
defined as the mounting position of the robot’s base link on
the ground. The axes were set as shown in Fig. 5(a).

The composite wavy palm geometry (Fig. 4(b)) was
used as the initial map 𝑀palm. For each finger, the palm
map was transformed according to its mounting config-
uration: T1

palm = [I ∣ (0, 0, −0.11)⊤] and T2
palm = [I ∣

(0, −0.4, −0.11)⊤] for the right and left fingers, respectively.
Key parameters were set as follows: point validity period
𝑇validity = 5.0 s (unless otherwise specified), forgetting in-
terval 𝑇interval = 0.1 s, and initial map delay 𝑛delay = 1
round.

At each simulation trial, the right finger was driven
by nominal sinusoidal joint trajectories derived from a
constant-curvature prior. The ground-truth motion is pro-
duced byGazebo physics, including contact and discretiza-
tion effects, and therefore does not strictly satisfy the prior.
The left finger followed a sinusoidal position command
that was 180° out of phase with that of the right finger. The
accuracy of the proposed estimator was evaluated by com-

paring its output with the finger state obtained solely from
the kinematic model.

Section 3.2 evaluates the effect of the forgetting mecha-
nism on map quality and estimation accuracy in dynamic
environments. Section 3.3 assesses the robustness of the
proposed method when the grasped object undergoes mo-
tion during manipulation.

3.2. Effect of Forgetting Mechanism and Palm
Geometry

This subsection evaluates the impact of the time-based
forgetting mechanism on state estimation accuracy and
map quality in dynamic grasping environments.

3.2.1. Simulation Conditions
To assess the effectiveness of the proposed method un-

der various configurations, we systematically varied three
factors: the presence of an initial map, the forgetting mech-
anism parameter, and palm geometry.

A rectangular object (0.05 m × 0.05 m × 0.20 m) was
positioned at (0.25 m, 0.2 m, 0 m) and remained station-
ary throughout the simulation, serving as a static environ-
mental feature that both fingers can observe. Each joint of
the right finger followed the command 𝜃𝑖 = 𝐴 sin(𝜔𝑡) + 𝐵,
where 𝐴 = 0.15 rad, 𝜔 = 0.005 rad/s, and 𝐵 = 0.15 rad,
while the left finger followed 𝜃𝑖 = −𝐴 sin(𝜔𝑡) + 𝐵. This
configuration simulated a dynamic grasping scenario in
which the relative positions of the fingers changed contin-
uously.

The experimental conditions are organized as follows.

Factor 1: Initial map

• With initial map: The palm geometry is integrated
as 𝑀palm (Section 2.3).

• Without initial map: No prior environmental infor-
mation is provided.

Factor 2: Forgetting mechanism parameter 𝑇 validity

• 𝑇validity = ∞ (no forgetting mechanism): All observed
points are retained indefinitely.

• 𝑇validity = 5.0 s (moderate forgetting mechanism):
Points older than 5 s are removed.

• 𝑇validity = 1.0 s (aggressive forgetting mechanism):
Points older than 1 s are removed.

Factor 3: Palm geometry

• Flat palm: Planar surface (Fig. 4(a)).

• Composite wavy palm: Three-dimensional con-
toured surface (Fig. 4(b)).

A full factorial design with these three factors would
yield 2 × 3 × 2 = 12 conditions. For clarity, we focused
on the most informative subset of conditions that demon-
strated the key effects of each factor. The kinematics-only
baseline was also evaluated for comparison.
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(a) Wavy palm (b) Flat palm (c) Kinematics

(d) 𝑇validity = 1 s (e) 𝑇validity = 5 s (f) 𝑇validity = ∞

(g) 𝑇validity = 1 s (h) 𝑇validity = 5 s (i) 𝑇validity = ∞

(j) 𝑇validity = 1 s (k) 𝑇validity = 5 s (l) 𝑇validity = ∞

(m) 𝑇validity = 1 s (n) 𝑇validity = 5 s (o) 𝑇validity = ∞

Fig. 5. Simulation snapshots. (a, b) Robot hand,
(c) kinematics-only baseline, (d)–(f) composite wavy palm
with initial map, (g)–(i) composite wavy palm without ini-
tial map, (j)–(l) flat palm with initial map, and (m)–(o) flat
palm without initial map.

3.2.2. Results

Figure 5 shows snapshots of the simulation at 𝑡 = 40 s.
Figs. 5(a) and (b) show the actual robot states in the
Gazebo simulation. Fig. 5(c) shows the results obtained
using only the kinematic model. Figs. 5(d)–(i) show the
estimated robot poses and environmental maps using the
composite wavy palm. Figs. 5(j)–(o) show the results us-
ing the flat palm. All subfigures are shown from the same
viewpoint.

Although the commanded motion is left–right symmet-
ric, the kinematics-only baseline (Fig. 5(c)) produces an
asymmetric estimate because the simulated joint angle
measurements include a bias of +0.05 rad applied uni-
formly to all joints on both fingers. Owing to the coordi-
nate frame definitions, this uniform bias resulted in the left
finger appearing more deeply curved, while the right finger
appeared less curved. Consequently, the kinematics-only
results exhibited large estimation errors.

For the composite wavy palm with the initial map
(Figs. 5(d)–(f)), the estimated robot poses generally agreed
with the ground truth shown in Fig. 5(a). The environmen-
tal maps became clearer as 𝑇validity decreased. However,
with 𝑇validity = 1 s (Fig. 5(d)), parts of the grasped ob-
ject geometry are lost because of the forgettingmechanism.
With 𝑇validity = ∞ (Fig. 5(f)), incorrect map reconstruc-
tions caused by early inaccurate pose estimates were visi-
ble. With 𝑇validity = 1 s and 5 s (Figs. 5(d) and (e)), these er-
roneous maps were removed by the forgetting mechanism,
resulting in accurate object shape reconstruction.

For the composite wavy palm without an initial map
(Figs. 5(g)–(i)), the estimated robot poses generally agreed
with the ground truth except for 𝑇validity = 1 s (Fig. 5(g)),
where significant pose deviation occurs. With 𝑇validity = 5 s
(Fig. 5(h)), the environmental map is relatively clear.

For the flat palm (Figs. 5(j)–(o)), both the estimated
robot poses and environmental maps were less accurate
compared to the composite wavy palm conditions. The
snapshot of 𝑇validity = 1 s with the initial map is omitted
as it yields results similar to those of 𝑇validity = 5 s.

Figure 6 shows the trajectories of the tip-link origin.
In these figures, the solid and dashed lines represent the
𝑥- and 𝑦-components, respectively. Different colors indi-
cate different values of 𝑇validity as well as the kinematics-
only baseline and ground truth. Table 1 lists the root
mean square error (RMSE) of the tip-link origin in 𝑥, 𝑦, 𝑧,
and their Euclidean combination for each condition. The
kinematics-only baseline, which relies solely on the CCM
without SLAM-based estimation, was common across all
conditions and yielded a total RMSE of 0.026 m with
𝑥 = 0.008 m, 𝑦 = 0.024 m, and 𝑧 = 0.000 m.

Comparing conditions without the forgetting mecha-
nism (𝑇validity = ∞) and initial map, the composite wavy
palm achieved lower errors in the 𝑥- and 𝑦-directions (𝑥 =
0.006 m, 𝑦 = 0.011 m) than the flat palm (𝑥 = 0.019 m,
𝑦 = 0.049 m). With the forgetting mechanism (𝑇validity =
5 s) and initial map enabled, the composite wavy palm
maintained errors in the 𝑥- and 𝑦-directions at 0.006 m
and 0.011 m, respectively. In contrast, the flat palm with
the initial map and 𝑇validity = 5 s exhibited larger errors
(𝑥 = 0.024 m, 𝑦 = 0.064 m) compared with the case with-
out the initial map (𝑥 = 0.031 m, 𝑦 = 0.067 m).

Regardless of the palm geometry, enabling the initial
map generally reduced estimation errors. For the compos-
ite wavy palmwith 𝑇validity = 5 s, the total RMSE increased
slightly from 0.015 m without the initial map to 0.017 m
with the initial map. For the flat palm with 𝑇validity = 5 s,
the total RMSE decreased from 0.076 mwithout the initial
map to 0.072 m with the initial map.
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(a) Composite wavy palm with initial map
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(b) Composite wavy palm without initial map
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(c) Flat palm with initial map
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(d) Flat palm without initial map

Fig. 6. Comparison of tip-link origin trajectories of the right finger estimated by the proposed method (colored lines), kinematics
only (purple line), and ground truth (black line) under different palm and initial map conditions.

Table 1. Estimated RMSE in meters for the right finger
tip-link.

Palm Initial
map

𝑇validity 𝑥 𝑦 𝑧 Total

Composite
wavy

w/
1 0.005 0.011 0.008 0.014
5 0.006 0.011 0.011 0.017
∞ 0.005 0.011 0.007 0.014

w/o
1 0.011 0.088 0.016 0.091
5 0.005 0.007 0.012 0.015
∞ 0.006 0.011 0.011 0.017

Flat

w/
1 0.027 0.050 0.019 0.060
5 0.024 0.064 0.019 0.072
∞ 0.022 0.064 0.015 0.070

w/o
1 0.064 0.073 0.025 0.100
5 0.031 0.067 0.016 0.076
∞ 0.019 0.049 0.008 0.053

Kinematics 0.008 0.024 0.000 0.026

With a short validity period (𝑇validity = 1 s) and without
an initial map, the composite wavy palm exhibited signifi-
cantly larger errors in the 𝑥- and 𝑦-directions (𝑥 = 0.011 m,
𝑦 = 0.088 m, total RMSE = 0.091 m) because the for-
getting mechanism became overly aggressive. In contrast,
when the initial map was present, the same configuration
achieved 𝑥 = 0.005 m, 𝑦 = 0.011 m, and total RMSE
= 0.014 m. For the flat palm, 𝑇validity = 1 s without the
initial map results in the largest errors across all conditions

(𝑥 = 0.064 m, 𝑦 = 0.073 m, total RMSE = 0.100 m).
Among all conditions, the composite wavy palm with

the initial map and 𝑇validity = 1 s (aggressive forgetting
mechanism) achieved the smallest total RMSE at 0.014 m.
The kinematics-only baseline (0.026 m) is smaller than
most flat palm configurations, but larger than most com-
posite wavy palm configurations.

3.3. State Estimation with Moving Object
This subsection assesses the robustness of the proposed

method when the grasped object undergoes motion during
manipulation, extending the evaluation beyond the static
object scenario in Section 3.2.

3.3.1. Simulation Conditions
To evaluate the proposed method in realistic manipu-

lation scenarios, we designed an automated grasping se-
quence that systematically tested the estimator’s ability to
track both the robot and object motions while maintaining
map consistency. A rectangular object (0.05 m × 0.05 m ×
0.20 m) was initially positioned at (0.5 m, 0.2 m, 0.1 m).
The sequence consisted of the following five phases:

Phase A: Initialization. Both robot arms are reset to
an initial configuration with joint angles of 0.15 rad
and a 1.0 s settling period.

Phase B: Preliminary robot motion. Both fingers ex-
ecute one complete cycle of sinusoidal joint motion
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(a) 𝑡 = 13 s (b) 𝑡 = 18 s (c) 𝑡 = 20 s (d) 𝑡 = 37 s

Fig. 7. Object positions during key phases. (a) Ini-
tial object position at (0.5 m, 0.25 m, 0.1 m) (before
Phase C). (b) Object near the closest approach position at
(0.15 m, 0.15 m, 0.1 m) during Phase C. (c) Object at the
retracted position (0.25 m, 0.2 m, 0.1 m) (end of Phase C).
(d) Object after instantaneous +20° rotation about the 𝑧-axis
(Phase E).

as defined in Section 3.2.1, with a cycle duration of
approximately 12.6 s.

Phase C: Object approach. The object moves diag-
onally from (0.5 m, 0.25 m, 0.1 m) (Fig. 7(a)) to
(0.15 m, 0.15 m, 0.1 m) over 5.0 s (Fig. 7(b)), and
then retracts to (0.25 m, 0.2 m, 0.1 m) over 2.0 s
(Fig. 7(c)). This diagonal trajectory intentionally cre-
ates residual points of the dynamic object that spa-
tially overlap with the final object position, enabling
the evaluation of the forgetting mechanism’s ability to
handle temporally inconsistent map data.

Phase D: Post-approach robot motion. Following
Phase C, both robot arms execute sinusoidal joint
motion in the reverse direction, as defined in Sec-
tion 3.2.1.

Phase E: Object rotation. After one complete cycle
of Phase D, the object is instantaneously rotated in
place by +20° about the 𝑧-axis (Fig. 7(d)), while both
robot arms continue the sinusoidal motion for one ad-
ditional cycle. This instantaneous orientation change
introduces spatially overlapping but geometrically in-
consistent observations at the final object position, di-
rectly testing whether the forgetting mechanism can
eliminate outdated map data that conflicts with cur-
rent sensor readings.

Throughout all phases, the composite wavy palm
(Fig. 4(b)) served as a static reference geometry and was
integrated as the initial map 𝑀palm in all conditions to pro-
vide stable features. The forgetting mechanism parameter
𝑇validity and kinematics-only baseline conditions were the
same as those in Section 3.2.1.

3.3.2. Results
Figure 8 presents the simulation snapshots at three key

time points: 𝑡 = 20 s at the end of Phase C, 𝑡 = 28 s during
Phase D before the object rotation in Phase E, and 𝑡 = 41 s
after Phase E completion. Fig. 9 shows the trajectories of

(a) 𝑡 = 20 s (b) 𝑡 = 28 s (c) 𝑡 = 41 s

(d) 𝑡 = 20 s (e) 𝑡 = 28 s (f) 𝑡 = 41 s

(g) 𝑡 = 20 s (h) 𝑡 = 28 s (i) 𝑡 = 41 s

Fig. 8. Simulation snapshots under different forgetting
mechanism settings at three time points. 𝑡 = 20 s corre-
sponds to the end of Phase C, 𝑡 = 28 s shows the state
during Phase D before object rotation, and 𝑡 = 41 s rep-
resents the final state after Phase E. Rows show results
for (a)–(c) 𝑇validity = 1.0 s, (d)–(f) 𝑇validity = 5.0 s, and
(g)–(i) 𝑇validity = ∞.
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Fig. 9. Comparison of tip-link origin trajectories of
the right finger estimated by the proposed method un-
der different forgetting mechanism settings (colored lines),
kinematics-only baseline (purple line), and ground truth
(black line) in the moving object scenario.

the tip-link origin estimated by the proposed method under
different forgetting mechanism settings, compared with the
kinematics-only baseline and ground truth.

When the forgetting mechanism is enabled
(Figs. 8(a)–(f)), the observations acquired during the
object motion in Phase C are progressively removed from
the map. At 𝑡 = 28 s (Figs. 8(b) and (e)), the object
shape reconstruction was less complete compared to the
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Table 2. Estimated RMSE in meters for the right finger
tip-link under moving object condition.

𝑇validity 𝑥 𝑦 𝑧 Total
1 0.005 0.014 0.009 0.017
5 0.002 0.005 0.010 0.011
∞ 0.004 0.008 0.012 0.015

Kinematics 0.010 0.026 0.000 0.028

condition without the forgetting mechanism (Fig. 8(h))
because residual points from the diagonal approach tra-
jectory were discarded. However, after the instantaneous
rotation in Phase E, the forgetting mechanism settings
(Figs. 8(c) and (f)) show cleaner maps that retained only
the current object geometry, while the no-forgetting mech-
anism condition (Fig. 8(i)) accumulated both pre- and
post-rotation observations, creating spatially overlapping
but geometrically inconsistent point clouds at the object
location.

Table 2 shows that the proposedmethod achieves higher
estimation accuracy than the kinematics-only baseline
across all forgetting mechanism settings. Notably, the
moderate forgetting mechanism setting (𝑇validity = 5.0 s)
yielded the lowest overall RMSE of 0.011 m, outperform-
ing both the no-forgetting mechanism condition (0.015 m)
and aggressive setting (0.017 m). This result indicates
that an appropriately tuned forgetting mechanism parame-
ter can balance two competing factors: retaining sufficient
environmental structure for pose estimation while elimi-
nating outdated observations that conflict with current sen-
sor readings.

As shown in Fig. 9, the condition without the forgetting
mechanism (𝑇validity = ∞) exhibited larger trajectory devi-
ations during Phases C and D when residual points from
the object’s diagonal approach path remained in the map
and spatially overlapped with the object’s final position.
These residual points created ambiguous geometric con-
straints that temporarily degraded pose estimation accu-
racy. In contrast, the moderate forgetting mechanism set-
ting (𝑇validity = 5.0 s) maintainedmore consistent trajectory
accuracy throughout the sequence by removing stale obser-
vations before they accumulated into significant conflicts.
The aggressive setting (𝑇validity = 1.0 s) shows comparable
performance to themoderate configuration in this scenario,
with slightly higher errors in the 𝑦- and 𝑧-components,
suggesting that the 1.0 s retention time approached the
lower bound to maintain sufficient environmental informa-
tion during the dynamic phases.

4 . Discussion

This section discusses why the proposed estimation
framework stabilizes the estimation in sparse environ-
ments, its current limitations, and promising directions for
future research.

4.1. Key Factors for Robust Estimation
The primary reason that three-dimensional palm geome-

tries outperform a flat plane is that the measurement model
in Eq. (6) assumes a local planar fit. Therefore, the ge-
ometric constraints strengthen as the curvature and depth
cues increase. A flat palm induces left-right symmetry in
the environment, making corridor-like ambiguities likely.
In particular, the composite wavy palm continuously sup-
plies depth and curvature cues, simultaneously improving
map quality and pose observability.

Both the forgetting mechanism and the introduction of
an initial map are necessary for robust estimation. The for-
getting mechanism is effective in dynamic environments
and suppresses the influence of erroneous observations.
The initial map is effective because the relative positions of
the robot’s fingers and palm are known, providing a stable
reference geometry. With the forgetting mechanism alone,
the map may be significantly lost depending on the robot’s
pose. Although the palm provides information, incorrect
pose estimation can prevent accurate map construction. In
extreme cases, as shown in Fig. 5(g), the system strongly
trusts the CCM owing to sparse environmental informa-
tion, causing the robot base frame to rotate. By having a
stable reference geometry such as the initial map, pose es-
timation and map construction become stable.

The validity period of the points in the forgetting mech-
anism must be appropriately set. In this study, it was de-
termined empirically to match the robot’s periodic motion.
An extreme case, in which an overly short validity period
causes estimation failure, is shown in Fig. 5(g). Ideally,
dynamic adjustment of the validity period based on obser-
vation density and distribution would be desirable, which
represents a limitation of the current approach.

Penetration of the grasped object occurs because the line
of sight is occluded near the object, observations become
scarce, and the filter is pulled toward the CCM. In our ex-
periments with the composite wavy palm, the error did not
increase over time and remained within a range that did not
hinder task-level performance.

Because the proposed method is based on a Kalman
filter, the degree of trust placed in the CCM is gov-
erned by the process noise covariance matrix Q of 𝜔𝑖 in
Eq. (5), which served as the design hyperparameter. In
the encoder-based setting of Iwao et al. [16], the encoder
readings were relatively accurate; therefore, Q was set to
be small. For continuum robots, however, the CCM is a
less reliable nominal model whose primary role is to pro-
vide a kinematic reference that prevents the estimator from
diverging when the sensor observations are sparse. Ac-
cordingly, Q should be set to be larger to reflect this lower
confidence level. Furthermore, the appropriate covariance
may depend on the finger’s geometric configuration; for ex-
ample, a short finger segment is better approximated by a
constant curvature than a long one, suggesting that dynam-
ically adjusting Q based on the finger length or curvature
can improve the estimation robustness.
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4.2. Understanding the Forgetting Mechanism
The simulation design in Section 3.3 deliberately in-

troduces two sources of spatially overlapping but tempo-
rally inconsistent observations. First, the diagonal object
trajectory in Phase C leaves residual points that spatially
overlap with the object’s final position, unlike a purely lin-
ear approach-retract motion, where residual points would
be spatially separated. Second, the instantaneous rota-
tion in Phase E creates geometrically inconsistent point
clouds at the same location. These design choices suc-
cessfully demonstrated the effectiveness of the forgetting
mechanism in realistic manipulation scenarios, where ob-
ject motion created ambiguous environmental data, as evi-
denced by the superior performance of themoderate setting
(𝑇validity = 5.0 s) over disabling the forgetting mechanism
in Table 2.

The necessity of the forgetting mechanism depends crit-
ically on the spatial relationship between residual points
and the current object location. When residual points are
spatially separated from the current object position, they
do not directly interfere with the measurement model in
Eq. (6) during subsequent estimation steps. In such cases,
the forgetting mechanism provides limited benefit because
the residual points lie outside the local neighborhood con-
sidered by the local planar fit assumption, and thus do not
attract the point cloud alignment toward incorrect geome-
tries.

In contrast, when residual points spatially overlap with
or lie in close proximity to the current object position, the
measurement model attempts to fit current sensor readings
to both the correct current and the incorrect residual ge-
ometries. This ambiguity reduces the alignment accuracy
and introduces bias in the pose estimation. The forgetting
mechanism addresses this issue by removing outdated ob-
servations before they accumulate into spatially overlap-
ping conflicts.

The results in Section 3.3 confirm this principle. The
diagonal trajectory in Phase C and instantaneous rotation
in Phase E create scenarios in which the residual and cur-
rent observations spatially overlap, leading to the observed
performance advantage of a moderate forgetting mecha-
nism setting over disabling the forgetting mechanism. This
demonstrates that the forgetting mechanism is particularly
valuable in manipulation tasks involving complex object
motion within confined workspaces, where the likelihood
of spatial overlap between past and present observations is
high.

4.3. Extension to Multifinger Systems
This study focused on pose estimation for a single finger,

with the opposing finger serving as part of the reference ge-
ometry. While both fingers independently maintained their
own maps in the current implementation, extending this
to a multifinger configuration with shared environmental
maps and interfinger constraints represents a promising di-
rection. However, careful consideration is required when
sharing maps between fingers because geometric ambigui-
ties may arise. For instance, when both fingers observe the

planar surfaces of a rectangular object, the right and left
faces may be erroneously identified as the same plane, po-
tentially propagating errors between fingers. Maintaining
independent maps for each finger avoids such error propa-
gation while still leveraging the palm and opposing finger
as reference geometry.

4.4. Future Directions
Several promising directions have emerged from this

study. First, incorporating the extension and contraction
states into the kinematic model would enable more accu-
rate state estimation for continuum fingers with variable
lengths. The current CCM assumes constant finger length.
However, the proposed finger structure [17] supports both
extension and bending, which can provide additional de-
grees of freedom for manipulation tasks.

Second, extracting the object geometry from the accu-
mulated point clouds represents an important next step to-
ward autonomous manipulation planning. While the cur-
rent work focuses on state estimation, the high-quality en-
vironmental maps generated by our method, particularly
with the composite wavy palm and moderate forgetting
mechanism setting, contain sufficient geometric informa-
tion about grasped objects. Developing methods to seg-
ment and reconstruct object shapes from these maps would
enable the robot to reason about object properties and plan
manipulation strategies accordingly.

Third, co-design of the palm geometry, sensor place-
ment, and estimation parameters offers the potential for
further performance improvements. The composite wavy
palm was designed heuristically to maximize geometric
observability, but systematic optimization of these design
parameters could yield even better results.

5 . Conclusions

This study addressed state estimation for shape-flexible
multifingered hands performing in-hand manipulation in
feature-sparse and dynamic environments. To over-
come the limitations of vision-based sensing and encoder-
dependent kinematics in confined graspingworkspaces, we
formulated a SLAM-based estimator that fuses constant-
curvature kinematic priors with distributed proximity sens-
ing for continuum fingers. The proposed method exploits
user-designable in-hand structures, namely, the palm and
opposing fingers, as persistent geometric landmarks to en-
able observability even when external environmental fea-
tures are scarce. To cope with the motion of grasped ob-
jects and fingers, we further introduced a forgetting mech-
anism with time-decay forgetting and an initial palm point
cloud, which togethermaintained a consistent environmen-
tal map during the dynamic interaction.

Simulation results showed that the proposed estimator
suppressed bias and reduced fingertip position error com-
pared with a kinematics-only baseline. The combination of
the forgetting mechanism and palm preloading was crucial
for robust estimation in dynamic grasping scenarios, pre-
venting map corruption while preserving stable reference
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geometry. Three-dimensional palm geometries enhanced
the pose observability and map quality, and the compos-
ite wavy palm achieved the smallest errors without tempo-
ral drift. The resulting environmental maps contained suf-
ficient geometric information about grasped objects, sug-
gesting the feasibility of subsequent object-shape estima-
tion and manipulation planning.
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