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ActiveSPN: Active Soft Polyhedral Networks With
Pose Estimation for In-Finger Object Manipulation

Sen Li"¥, Chengxiao Dong, Chaoyang Song

Abstract—Robotic grippers aim to replicate the remarkable
functionalities of the human hand by providing advanced per-
ception, adaptability, stability, and dexterity for complex tasks.
Achieving these capabilities demands a sophisticated design hi-
erarchy and robust perception mechanisms that ensure accurate
manipulation. This letter introduces Active Soft Polyhedral Net-
works (ActiveSPN), a gripper design that leverages an active,
non-biomimetic surface for precise in-hand manipulation. A vision
system integrated directly into the fingers further facilitates accu-
rate pose estimation of the in-finger object. The proposed system
includes: (i) a soft polyhedral network featuring a transparent
active belt to deliver complete three-dimensional adaptation and
dexterous in-finger motion, and (ii) a generative learning-based
pipeline for in-finger pose estimation. Experimental results demon-
strate the ability of ActiveSPN to execute multi-degree-of-freedom
in-finger manipulations, including two-axis rotation and one-axis
translation. Moreover, the integrated vision-based pose estima-
tion provides robust, real-time predictions, supporting consistent
closed-loop control. Across diverse objects, the system achieves
mean translational errors of 2.59 mm and rotational errors of
7°, highlighting a promising paradigm for compact, efficient, and
dexterous robotic manipulation.

Index Terms—Vision-based deformable perception, in-finger
manipulation, active surface.

1. INTRODUCTION

N-HAND manipulation refers to the ability to reposition or
I reorient an object within the hand or grasp without setting
it down or releasing it. These include finger gaiting [1], lever-
aging external environmental contacts [2], palm supporting [3],
throwing [4], and in-finger manipulation [5], [6]. Among these,
in-finger object manipulation refers to the fine motor skill of
manipulating an object using the fingers while it remains in
contact with them. This type of manipulation generally involves
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adjusting the object’s position, orientation, or movement within
the hand or fingers without the need to re-grasp the object from
the environment. This distinctive feature allows continuous,
localized in-finger manipulation to achieve dexterity in robotic
systems. Unlike other strategies that rely on sequential grasp-
ing or external support, in-finger manipulation excels in tasks
requiring precision and adaptability. This strategy is especially
critical in highly dexterous applications, as it demands precise
information about contact formation and stability to achieve
robust and effective manipulation [7]. Itis a critical skill for tasks
that require precision and dexterity, which is fundamental in
many everyday activities, from writing and drawing to handling
small objects and tools [8].

Gripper design optimized for in-finger manipulation has at-
tracted substantial research attention [3]. Anthropomorphic grip-
pers are dexterous for their high degrees of freedom (DoFs) [9],
but challenging in optimizing multi-DOF movements for ro-
bust manipulations, requiring comprehensive visual and tactile
perception, as well as complex control algorithms. There are
two main types of non-anthropomorphic approaches. One ap-
proach involves using underactuated mechanisms [10] to per-
form dexterous tasks while simplifying system structures by
carefully selecting degrees of freedom (DoFs), which leads to
decreased controllability. The other uses active surfaces [11],
[12] to replace the long serial-chain DoFs, which allow contin-
uous movement or rotation of an object. These active surfaces
enable the gripper to move the hand-held object through locally
imparted motions at the contact point. Innovative approaches to
active surface mechanisms include movable components such as
cylindrical rollers [13], belts [14], [15], and spherical rollers [5],
which enable the continuous movement or rotation of an object.
Beyond rigid structures, compliant materials and soft robotic
designs [16], [17], [18], [19] have shown great potential in
simultaneous grasping adaptability and perception capability.
However, these soft fingers were mainly adaptive for grasping
and lacked dexterity for more complex manipulation tasks. In
contrast to other manipulation strategies, in-finger manipulation
enables continuous and autonomous motion of the object along
the finger’s surface, minimizing reliance on environmental fac-
tors or complex re-grasping strategies. This capability facilitates
seamless and uninterrupted operation, even in constrained or
unstructured environments.

Despite its advantages, the complex mechanical designs of
in-finger manipulation systems present challenges for inte-
grating tactile sensors. Existing tactile sensing techniques, in-
cluding photometric stereo-based sensors (e.g., GelSight) [20],
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Fig. 1. Pose estimation of ActiveSPN with an omni-adaptive surface for in-finger manipulation. (a) The ActiveSPN finger with an active surface installed on

existing grippers. (b) Overview of the ActiveSPN gripper architecture. (c) In-finger manipulation of diverse YCB objects via ActiveSPN.

barometric sensors [21], and resistance-, capacitance-, or
piezoelectric-based sensors [22], [23], face significant limita-
tions. Continuous rotation mechanisms make traditional wiring
of sensors impractical, and photometric stereo systems often
require fixed lighting rigs, restricting their application to con-
trolled environments. Additionally, gel-based sensors are prone
to damage under friction and pressure, further complicating their
use on active surfaces. These challenges underscore the need for
innovative solutions that maintain in-hand pose estimation with-
out compromising the unique features of in-finger manipulation.

This study presents a novel ActiveSPN with transparent active

surfaces, enabling in-hand manipulation with in-finger vision for
pose estimation (Fig. 1) while leveraging active soft polyhedral
networks for in-finger manipulation [24], [25] integrated with
in-finger vision systems for tactile sensing [26]. This approach
explores the potential of vision-based systems to perform object
pose estimation and in-hand manipulation without relying on
external aids. Using a three-finger gripper with ActiveSPNs,
images captured by built-in cameras are processed through a
learning-based model to extract object pose and finger con-
figurations. The model employs a generative encoder-decoder
architecture to predict and control the pose of the manipulated
object. The main contributions are:

® Design and fabrication of the ActiveSPN finger: A robotic
finger that integrates 3D omni-adaptability with an ac-
tively deformable surface, enabling in-finger manipulation
through active surface motion and compliance.

e Development of a semi-supervised variational autoen-
coder (SVAE) architecture for in-hand object pose esti-
mation using in-finger vision: This model predicts object
poses and provides interpretable latent features to support
downstream control and manipulation tasks.

® Closed-loop in-finger manipulation demonstration: The
ActiveSPN gripper can estimate and manipulate object

pose in real-time tasks, closing the loop from robust per-
ception to dexterous manipulation.

The following section describes ActiveSPN’s kinematic
model for in-finger manipulation. Section III presents our pro-
posed in-finger manipulation method, with experiment results
enclosed in Section IV. Final remarks are enclosed at the end.

II. ACTIVESPN FOR IN-FINGER MANIPULATION WITH
OMNI-DIRECTIONAL ADAPTATION

As shown in Fig. 2(a), the newly designed ActiveSPN finger
comprises five main components: a soft polyhedral network ele-
ment, a transparent timing belt, a built-in camera unit, a support
frame, and a physical actuation system. The soft polyhedral
network is the supporting framework, providing the necessary
grasping force. Fabricated from polyurethane elastomer (Hei-
cast 8400 from H&K) with a three-component ratio of 1:1:0 via
vacuum molding, this component was chosen for its exceptional
three-dimensional adaptability and its ability to fulfill passive
omnidirectional adaptation requirements. The transparent belt
is mounted by wrapping it around the surface of the soft poly-
hedral network, and its tension is adjusted using a timing belt
pulley. The soft polyhedral finger weighs approximately 42 g
and measures 125 mm in height.

The transparent timing belt, made of polyurethane elastomer
with a hardness rating of 90 A and a thickness of 2 mm,
serves as the active contact surface during manipulation. Trans-
forming this component into a transparent belt facilitates direct
observation of the grasped object. Its lightweight (21.7 g) and
suitable stiffness and damping properties effectively increase
the contact area at any given moment during manipulation.
The recommended grasping force range is approximately 20 N,
and the bending angle is preferably kept below 45° to ensure
safe and stable operation. Excessive force can be generated, but
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ActiveSPN module’s design and assembly. (a) Assembly of mechanical components of ActiveSPN, including (i) a transparent active surface, (ii) a soft

polyhedral network, (iii) a camera with a support frame, and (iv) the motors and gearing mechanisms. (b) Reconfigurable grasping of a 3-finger robotic system,
including (i) Radial, (ii) Parallel, and (iii) T-shape Configuration. (c¢) Kinematic model of radial 3-finger configuration.

may cause irreversible structural damage. Despite the concavity
formed during finger curling, the belt remains stably in contact
with the finger surface, as it is mechanically pressed between
the finger and the object. The built-in camera unit provides
real-time visual information about the object in contact during
in-finger manipulation. In the current study, the ActiveSPN
module employs a Chengyue WX605 camera (Weixinshijie)
with a resolution of 640 x 360 at 330 Hz.

Finally, the physical actuation system is designed for sim-
plicity and minimal weight. Each ActiveSPN module used in
the robotic fingers has an overall size of 50 x 50 x 190 mm
and a weight of 196.8 g. The system mainly consists of a micro
DC motor, a timing belt pulley, and gears. The micro DC motor
drives the custom-designed timing belt to augment the soft finger
backbone with an active surface, constituting the surface degree
of freedom.

We introduce several improvements to our previous finger
design [6], including the active surface with a transparent belt
and the vision through a built-in camera, which allows for
the observation of the object being held. Previous investiga-
tions [27], [28] have shown that the number and arrangement of
fingers considerably influence the grasping outcome and overall
robustness of the gripper. In this paper, we augmented a DH-3
gripper from DH-Robotics, a linkage-type adaptive gripper, and
a servo-electric gripper by installing three activeSPN modules
as extensions of its original rigid fingers.

As shown in Fig. 2(b), ActiveSPN has three configurations,
including parallel 3-finger (P3), radial 3-finger (R3), and T-shape
3-finger (T3). Each configuration has three belts. Let b denote
the body coordinate frame of the ActiveSPN. V! is the velocity
between the surface and the object at the contact point A of
the body coordinate frame relative to the spatial frame, as
viewed in the current body frame, which is given by V2 =
Adg_ VP Similarly, the velocities transferred from points B
and C tothe object O are V5 = Adg,, VP and V2 = Adg, V2,
respectively.

The hypotheses for this simplified model are as follows: a)
the ActiveSPN and the object being manipulated are in point
contact; b) the surface friction of the ActiveSPN is sufficiently
strong, resulting in no slide motion between the ActiveSPN and

Authorized licensed use limited to: Southern University of Science and Technology. Downloaded on February 15,2026 at 08:27:15 UTC from IEEE Xplore. Restrictions apply.

the hand-held object. The grasped object’s total velocity is
V()b = Adgoa ‘/(Ib + Adgob ‘/bb + Adgoc ‘/(!b7 (1)

where Ady : RS — R is a adjoint transformation of twists. A
special case of the ActiveSPN is a radial 3-finger configuration,
space 120° apart when designing the movement direction of each
belt, as shown in Fig. 2(c). The system’s kinematic equations
are

-1

Vg siny  cosvy Vg
vy | = | —cosy siny v, |, Q)
w 0 -1 Ve

where v, v, denote the linear velocities of the hand-held object
in the Z,, 7, directions; w is the angular velocity; 1 is the
angular configuration of the system; [ represents the length or
characteristic dimension related to the kinematic setup; v,, vy
and v, are the velocities of belts A, B, and C, respectively.

After defining the kinematics of the ActiveSPN, the con-
trol is ready to be interrogated. The pose of the handheld
object can be controlled to target a specific location through
kinematics, as proposed above. Once the ActiveSPN begins to
manipulate the hand-held object, an automatic routine detects
the pose configuration error g, where go = (pe, R.), including
the translation error p, = ||p. — p4|| and the rotational matrix
error R, = Rngl, to determine whether it should start the
control procedure, where p. and pg are the current and desired
positions of the object; R. and R, are the object’s current and
desired rotation matrices. In the control procedure, the control
inputs are the reference pose gref, current pose g¢, and belt
velocity. Consequently, when starting the control procedure, a
PD controller was used to regulate the belt velocity.

III. IN-FINGER POSE ESTIMATION FOR OBJECTS

1) Encoder—Decoder Architecture: A generative learning ar-
chitecture is employed for in-hand object pose estimation, uti-
lizing the encoder-decoder architecture, as shown in Fig. 3.
The generative model incorporates a variational autoencoder
that extracts latent features from real-time images captured
by in-finger vision, which are assumed to follow given prior
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Fig.3. Encoder-Decoder and Learning-Based Model Structures. (a) Encoder-
Decoder architecture. (b) Platform for training data collection. (c) Auxiliary
MLP for pose estimation.

normal distributions in the latent space. The encoder-decoder
architecture is given by:

Zn = q3(Xn), n € {1,2,3},
)A(n :pg(zn)? nec {17253}7 (3)

where x, represents the real-time image of the n-th finger,
g is the probabilistic encoder resulting in a latent vector, zn,
Zpy = qg(xn), pe is the decoder function, and %X, is the recon-
structed output image of the n-th finger. The distribution of the
probabilistic encoder, gy (zn|xn) ~ N (2, (Xn, @), 2o (Xn, @),
and the decoder distributions p} (zy,) ~ N (z;0,I) followed a
normal distribution.

The goal is to find an optimal representation, z,,, of x,, that
encapsulates sufficient information about the object pose. To
address the representation learning and pose estimation task,
we use the VAE optimization framework [29] to incorporate
an additional supervised task, maximizing the log-likelihood
function of the marginal probability, log ps(Xy ).

log pp (xn) = L(0, ¢;%n) + DKL[qg(zn‘Xn”|pg(zn‘xn)]a

n € {1,2,3},
4)
where L£(6, ¢;xy) is the evidence lower bound (ELBO) for
SVAE, which can be extended as follows:

log pj (xn) = L(0, ¢;%Xn)
= E g2 (24 /x) 108 Do (Xn|2n )]
— Drrlgy (zn|xn)|P5 (2n)], 5)

In (5), for continuous data such as images and latent variables
Xn, and z,, we assumed that the prior distribution of the latent
variables, p} (zn) ~ N (0, I), Maximization of the new ELBO
in (5) was equivalent to maximizing the following optimization
object, where the output of the decoder was denoted as Xy,.

Z(e7¢§xn) = [[%n — Xl — DKL[N(ZH|XH)HPE (zn)], (6)
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Therefore, we developed a hierarchical, convolutional, mul-
tiscale model for both the encoder and decoder to capture
features from image data effectively. We used residual serial
blocks to extract and reconstruct image features at different
scales. The first terms in (6) measured reconstruction errors. The
second term encouraged the approximated posterior g (zn|%n )
to match the prior pg(zy, ), which controlled the capacity of la-
tent information bottleneck. Although the derived optimization
objective function (6) implicitly balances the three sources of
loss, its optimization could be complex in practice. To resolve
this issue, we proposed the formulation of (7) by introducing
hyperparameters w and « to (6). Note that w and « are the
parameters of the encoder-decoder neural networks, which need
to be optimized during training.

(w,a) =argmin ||x, — X4, n € {1,2,3}, 7

W,

The encoder and decoder were trained with an Adam Optimizer
with a learning rate of 0.001. The batch size was set to 32, the
latent vector dimension to 64, and the number of epochs to 100.
The dataset was split into a training set (12,000) and a validation
set (3,000). Weights with the lowest validation loss were used
for the experimental evaluation.

2) Pose Estimation: The auxiliary pose estimation model
uses latent vectors of three fingers (N; = 64 x 3) and the
gripper’s configuration (N9 = 1) as input (Fig. 3(c)), which is
formulated by

Zn = q3(Xn), n € {1,2,3}

gp = f(Zn,gst)- (8)

where f is the regression model, gg¢ is ActiveSPN configura-
tion, gy, is object’s predicted pose. The regression model is a
multilayer perceptron with five hidden layers, each containing
200, 200, 100, 100, and 100 neurons, respectively. In Fig. 3(b),
we developed an experimental platform to collect training data.
We trained an individual regressor head for each object category
while freezing the encoder weights. The dataset for each object
category was then randomly split into a training set of 4,000
samples and a validation set of 1,000 samples. The batch size
was set to 32, and the optimization method was Adam, with a
learning rate of 0.001. The best weights were obtained after 200
epochs, which were used as the final model. The pose consists of
arotation matrix and a translation vector. Thus, the loss function
of the MLP is L = oL; + vL,., where the hyperparameters o
and + are used to balance the rotational and translational loss.
Considering the translation (in mm) and rotation (in radians)
scales, o and v were set to 0.1 and 10, respectively.

3) Data Collection Platform & Data Transformation in
SE(3): The ActiveSPNs were installed on the fingertips of a
rigid gripper (DH-3) and were then mounted on a robot (UR10e).
ArUco tags were attached to the DH-3 gripper, the base frame of
the ActiveSPN, and the objects to be manipulated to record the
base position, which is used to calculate the configuration param-
eters of the finger. The ArUco tags acting on the object measure
the ground truth pose of the manipulated object. Three in-finger
cameras on the ActiveSPNs captured interaction deformation
data, while an external camera recorded the poses of all markers
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during data collection. The markers were 4x 4 squares with a
width of 14 mm, which were detected by an external camera
(1920 1080) using OpenCV. The internal cameras were set to
640x 360 resolution, and the images were later resized to 320 x
320 to reduce the model size and increase prediction speed. Data
was continuously recorded while using a joystick to reorient the
object. We simultaneously recorded the in-finger visual images
and the corresponding pose labels.

The transparent surface allows in-finger vision to capture
information on the texture and geometry of hand-held objects.
Some studies [30] showed that geometry contributes to the
in-hand pose estimation. However, further texture information
is needed to distinguish poses of geometrically symmetrical
objects. To evaluate ActiveSPN’s performance in this aspect,
we selected three symmetry objects from the YCB dataset: an
irregular plastic peach, a spherical puzzle, and an irregular bottle
cover, as test subjects, and collected 5,000 samples for each
object. During data collection, we first set the gripper to force
mode and controlled the gripper width to grasp the objects. The
gripper kept still and remained as motionless as possible while
the active surface movement drove the objects to collect pose
data.

Post-processing of the transformation concerning the spatial
coordinate system was performed after data collection. To de-
scribe the transformation from spatial frame S to object frame
O, the object pose gso 18 (Pso, Rso), and the configuration space
is the product space of R? with SO(3), which shall be denoted
as SE(3) (for special Euclidean group), SE(3) = {(p, R) : p €
R3, R € SO(3)} = R? x SO(3). We denote the pose of frame
O about frame S as gso. Ecs and g, denotes the transformation
from camera frame C' to frame S and O, respectively. The

desired poses are computed by g, = &, - 8., € SE(3), thus,
. Rcho Rgpco - RoTPO
I 1 '

IV. EXPERIMENT AND RESULTS
A. Evaluation of Gripper Design on Grasping Success Rate

A total of 6 YCB objects were grasped, and each object was
grasped 10 times by performing continuous grasping motions
using different configurations of the ActiveSPN platform. The
first contrast experiment evaluated how gripper configuration
impacted grasping capability, specifically comparing three de-
signs: R3, P3, and T3 (excluding the active surface). The second
contrast experiment evaluated the effect of the active surface
by comparing R3 and ActiveSPN R3. The third contrast exper-
iment analyzed the role of in-finger manipulation, comparing
the performance of ActiveSPN R3 with and without in-finger
manipulation. In the manipulation condition, the active surface
conveyed the hand-held object to the middle of the fingers before
performing the power grasp. In contrast, the object was grasped
directly without conveyance in the non-manipulation condition.
We placed objects on a laboratory bench for each trial, and
the UR10e robotic arm performed a grasping operation. We
conducted grasping experiments with a fixed gripper width,
testing each different object individually by placing them on
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Fig. 4. Performance evaluation of grasp success rate and energy consumption

for 6 YCB objects. (a) Grasp success rate of 6 YCB objects using T-shape, par-
allel, and radial configurations (without manipulation) and radial configuration
with active and non-active surfaces. (b) Energy consumption of 6 YCB objects
with different tasks (lift 10 cm and rotation 45°) using active surfaces and the
UR10e robotic arm.

a laboratory bench for each trial, with the UR10e robotic arm
performing the grasping operation.

The resultin Fig. 4(a) helps to compare and contrast the results
for the three experiments. The conclusions drawn from these
experiments showed that: i) The radial 3-finger configuration can
comparatively easily maintain stability. Compared to the parallel
and T-shape 3-finger configuration, the radial structure provides
a more uniform distribution of grasping forces, which improves
stability during object manipulation. ii) The belts increase fric-
tion and improve the success rate of grasping. Adding belts to the
design increases friction between the ActiveSPN and the object,
thereby contributing to a higher success rate in grasping tasks.
iii) The active surface uses control over the middle area of the
ActiveSPN to improve the performance of grasping stability.
Enabling the object to be conveyed from the fingertips to the
middle area of the fingers is particularly well suited for power
grasping. The result also indicates that the grasp success rate
had no discernible differences among the finger configurations
tested in this study. We conducted analyses of failed grasps and
found that slim or thin objects, like spatulas and flat brackets,
seem unsuitable for grasp because there is a 1-finger-width gap
between two fingers. As such, we will implement the 3-finger
radial configuration with in-finger manipulation in the following
attempt.

B. In-Finger Manipulation of YCB Objects

Six sets of in-finger manipulation experiments were per-
formed using YCB objects of various shapes and sizes. During
the trial, the grasped object was oriented along a predetermined
rotation axis, translated along a single axis, and oriented along a
combination of two axes of rotation, typically not around a single
axis. This procedure was developed by adapting the in-finger
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competence of ActiveSPN, which implies the ability to carry
out the operation in its entirety.

The iterative nature of our design process enabled us to expand
the potential use and incorporate the in-finger manipulation
capability into the prototype. Each finger of ActiveSPN has
two actuated DoFs: a flexion DoF via DH-3 and a DoF via an
active surface mechanism. The flexion DoF primarily provides
force to make contact with the object, controlled via position
control within the torque limits of the current servo of the DH-3.
The active surface DoF’s speeds were controlled using encoders
coupled to the motor drive. To test whether the proposed robotic
hand can skillfully manipulate various objects, we mounted the
ActiveSPN onto a UR10e robotic arm and used ActiveSPN to
grasp a series of YCB objects. As shown in Fig. 1(c), we demon-
strated the ability to move different YCB objects with in-finger
manipulation by ActiveSPN. Below each object, the ActiveSPN
demonstrates in-finger manipulation for each shape, showcasing
stability, dexterity, and adaptability to diverse geometries. Please
refer to the supplementary video for further demonstration.

In practical industrial applications, robotic arms frequently
need to lift or move objects, which typically requires significant
energy consumption. The energy efficiency of these operations
is a critical factor. To investigate this, we conducted experiments
with the UR10e robotic arm and the ActiveSPN system. Each
task was repeated five times to calculate the average energy
consumption. As shown in Fig. 4(b), the UR10e robotic arm
required approximately 2 s of joint actuation to lift an object by
10 cm, consuming an estimated 207.77 J of energy based on the
power corresponding to the torque.

In comparison, the ActiveSPN system performed the same
task with a significantly lower energy consumption of only
22.49 J. The URI10e robotic arm consumes approximately
307.58 J of energy to rotate an object by 45°, while the Ac-
tiveSPN system requires only about 30.12]J. The UR10e robotic
arm features six actuated joints, and adjusting the pose of an
object at the end of the arm requires calculating the positions of
all six joints for control, resulting in high energy consumption.
However, in-finger manipulation within the ActiveSPN system
eliminates the need for arm movement, leading to significant
energy savings. In this operation, only the system’s Micro DC
motors, each with a torque of 0.33 Nm, are controlled to achieve
the desired goal. Furthermore, within the load-carrying capacity
of the ActiveSPN system, which is capable of manipulating
objects ranging from approximately 1.5 to 10cm in size and
weighing up to 0.85kg, using fewer motors and localized pose
adjustments within the hand substantially reduces the energy
required for manipulation compared to controlling the robotic
arm’s end effector. This enhanced energy efficiency is primarily
achieved through the design of an optimized control strategy.

C. Evaluation of In-Finger Object Pose Estimation

After finalizing data collection, the transformation analyses
were conducted on the recorded dataset. We collected data on
three objects: a spherical puzzle, an irregularly shaped bottle cap,
and an irregularly shaped plastic peach. The pose distributions
of the spherical puzzle are shown in Fig. 5(a). The figure shows
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Fig. 5. Evaluation of pose estimation. (a) Distribution of (i) translations and
(ii) orientations of the objects in the training dataset. (b) The pose estimation
error histogram of three tested objects. (c) Distributions of prediction errors in
each 6D pose dimension over different ranges.

that points are typically widely distributed along the Z -axis
while centered around O mm on the x and y axes. The movement
range of the object’s marker is -50 to 150 mm along the Z -axis,
+ 20 mm along the Y-axis, and almost aligned with the X-
axis. The rotational distribution typically spreads over £180°
in roll while centered around 0° in pitch and yaw. Because the
ActiveSPN moves the hand-held object that translates in one
direction and rotates around two axes, the movement oscillates
4180° around the roll and +80° around the yaw, and the pitch
is with very little motion. The pose estimated from each image
was compared with the known pose (as determined by ArUco
tags) to verify the accuracy of the estimation. Translation error
is measured by the Euclidean distance between the predictive
position ¢,,. and the ground truth position ¢4, denoted as ¢, =
ltg1 — tprel|. Orientation error 6. is computed as the rotation
matrix error R., if R, = Rp,»eR;t1 is not an identity matrix,

then 0 1 trace(RpTeR;tl)—l‘

= COS 2
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Fig. 5(b) shows the corresponding translation and rotation
errors in pose estimation. We also plot Fig. 5(c) to show the
predicted 6D pose via SVAE against the ground truth. The R?
scores are higher than 0.86 for 6D pose predictions, indicating
the SVAE model’s excellent performance in pose estimation
on the test dataset. This estimation error histogram shows that
their translation error distribution is more concentrated than
the rotation error distribution. The irregular bottle cover object
has an average translation error of 3.24 mm and an average
rotation error of 7.77° . The spherical puzzle object has an
average translation error of 3.68 mm and an average rotation
error of 12.55° . The irregular plastic peach object has an average
translation error of 2.59 mm and an average rotation error of
7.00°, suggesting better overall pose estimation accuracy than
the other two objects. A comparison of the standard deviations
shows that the irregular plastic peach object has a translation
error standard deviation of 1.65 mm and a rotation error standard
deviation of 8.36°, which is relatively concentrated, with minor
fluctuations. These results indicate the method’s precision and
accuracy.

While multiple studies have investigated pose estimation for
in-hand manipulation, none have incorporated active surfaces.
The solution proposed in this study demonstrates excellent per-
formance in translational error, with a range of 2.59-3.68 mm,
which is comparable to the best results reported in [30] (2.02—
4.00 mm) and [31] (2.14-7.31 mm) and significantly lower
than those in [32] (15.00 mm) and [33] (7.66 mm). Regarding
rotational angle error, this study achieved arange of 7.00-12.55°,
outperforming [30] (11.34-31.87°), approaching the results
of [34] (8.07°), and slightly exceeding [31] (0.81-3.39°). No-
tably, the samples in [31] include minimal rotational scenarios,
making their results less relevant for direct comparison in this
context. This study achieves a well-balanced trade-off between
translational and rotational angle errors, demonstrating high
precision and stability. It thus provides a practical framework
for designing in-finger manipulation grippers.

D. Closed-Loop In-Finger Manipulation

Closed-loop experiments were performed to validate the in-
finger manipulation capability of the proposed ActiveSPN to
estimate the pose and control the object to achieve the desired
pose within the hand. We investigate the performance of pose
measuring systems, which determine an object’s pose by mea-
suring a few fiducial markers (ArUco tag) attached to the object.
The schematic diagram of ActiveSPN with a manipulated load
controlled to a desired roll angle can be seen in Fig. 6(a). Fig. 6(b)
shows sequential snapshots that capture the rotational control
operation using ActiveSPN. Fig. 6(c) compares the actual and
predicted values of the model and the input target angle of
the controller of ActiveSPN during the in-finger manipulation
experiment. The control system adjusted the roll angle to the
target values, stabilizing the predicted angle below 5° with
fluctuations under 10° during the movement.

Fig. 6(d) shows a schematic image of the hand-held ob-
ject lifted during the in-finger manipulation using ActiveSPN.
Fig. 6(e) shows sequential experimental snapshots tracking the
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Fig. 6. Real-time object pose estimation using ActiveSPN for closed-loop

in-finger manipulation. (a) Schematic illustration of rotation manipulation. (b)
Snapshots during rotation manipulation. (c) Time series of rotation angle. The
key timings are contact and start orientation at (1), orientation rotated by 45°
at (2), orientation further rotated by 20° at (3) and stable placement at (4).
(d) Schematic illustration of translation manipulation. (e) Snapshots during
translation manipulation. (f) Time series of lift height. The key timings are
contact and start translation at @, translated to 45 mm at @, and further
translated to 90 mm at (7), and stable placement at (8).

pose of the object of the lifting process using ActiveSPN. The
actual height attained by the outer camera was compared with
the predicted height, and this showed a good correlation, as
shown in Fig. 6(f). The target height of the object was set at
90 mm, and the actual result remained stable at around 90 mm,
with fluctuations of less than 4 mm during the movement. Our
experiments demonstrate the stable pose prediction and the
control capability of the ActiveSPN controller.

V. CONCLUDING REMARKS

This study presents Active Soft Polyhedral Networks (Ac-
tiveSPN) as a novel robotic gripper that incorporates an active,
transparent surface and integrated in-finger vision, enabling
precise, omni-directional in-finger manipulation and robust pose
estimation. Experimental evaluations confirmed that ActiveSPN
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effectively utilizes its active surface combined with a semi-
supervised generative learning model, achieving accurate real-
time object pose estimation with mean errors of 2.59 mm in
translation and 7 degrees in rotation. Additionally, ActiveSPN
demonstrated superior energy efficiency compared to conven-
tional robotic arm manipulation, significantly improving dex-
terity, adaptability, and operational efficiency.

Nonetheless, several limitations were identified in this study.
Pose estimation accuracy may degrade for objects exhibiting
high symmetry or similar textures, indicating a need for en-
hanced visual features or additional sensing modalities. More-
over, the reliance on manual data collection restricts scalability
and adaptability, limiting the system’s generalizability across
broader object sets. Mechanical constraints, particularly the
maximum recommended grasping force, further restrict the
ability to handle fragile or extremely thin objects effectively.

Future research directions include enhancing the pose estima-
tion framework by integrating supplementary tactile sensing or
stereo vision systems to improve precision and robustness. In-
vestigating automated or self-supervised approaches for acquir-
ing training data will be crucial to scaling the system efficiently.
Furthermore, refining the ActiveSPN design to accommodate a
broader range of object sizes and delicate items, and rigorously
evaluating its performance in dynamic and complex scenarios,
will further validate its suitability for diverse real-world robotic
manipulation applications.
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