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Optimized Design and Calibration of a
Human-Eye-Sized Active Binocular Vision System

Based on Spherical Parallel Mechanism
Kaifang Wang , DongDong Yang, Li Zhang , Jun Liu , and Xiaolin Zhang

Abstract—The Active Binocular Vision System (ABVS), resem-
bling the human eye, demonstrates potential for improving visual
perception in robotic systems, especially in dynamic and complex
environments. In this letter, we present an optimized design of a
three degree-of-freedom (DoF) Active Monocular Vision System
(AMVS) based on a Spherical Parallel Manipulator (SPM). By
combining two identical AMVS units, we form an ABVS, which
has been successfully integrated into a humanoid robotic head.
Due to the highly nonlinear kinematics of SPM and complex
error coupling in its multi-link structure, traditional end-to-end
neural network training methods are insufficient in accuracy and
require large datasets. To address these challenges, we propose
a two-branch optimization network that significantly improves
calibration accuracy. Furthermore, we introduce a four-branch
fine-tuning strategy that enables accurate kinematic models to
be obtained with only a small amount of data from new AMVS
devices. Experimental results demonstrate that the two-branch
optimization network reduces rotational prediction error by 16%
and translational error by 5% compared to a single-branch net-
work. Furthermore, the four-branch fine-tuning network achieves
comparable accuracy to a fully trained single-branch network
using only 343 data points. Finally, our ABVS shows the capability
to perform 3D visual tasks, such as stereo reconstruction during
movement.

Index Terms—Humanoid robot systems, parallel robots,
biologically-inspired robots.
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I. INTRODUCTION

IN RECENT years, robotics has made significant strides,
with humanoid robots that can adapt to complex, unknown,

and dynamic environments garnering considerable attention.
Among the key factors influencing the performance of these
advanced robotic systems, environmental perception is critical
[1]. For humans, approximately 80% of information is acquired
through vision. Similarly, robots require ABVS, akin to hu-
man eyes, to dynamically adjust their gaze direction, thereby
improving environmental perception. ABVS not only balances
high-resolution and wide-field views but also integrates with
actuators and inertial sensors to stabilize the line of sight in
dynamic conditions, significantly enhancing the performance of
vision algorithms [2], [3].

To effectively integrate ABVS into humanoid robots, address-
ing the system’s size is crucial. Given that current humanoid
robots are generally close to human dimensions, the ABVS
should ideally be comparable in size to human eyes for seamless
integration. The adult human eye has a diameter of approxi-
mately 24 mm, with an interpupillary distance ranging between
54 mm and 72 mm [4]. Furthermore, ABVS must possess
stereoscopic vision capabilities similar to human eyes, which
not only requires accurate kinematic calibration algorithms for
different eye positions but also imposes certain requirements on
overall system accuracy.

Existing research on ABVS can be classified into two cat-
egories based on the structure of the kinematic chain: serial
and parallel. Serial-chain ABVS offers simpler kinematics and
more straightforward error modeling, with established calibra-
tion systems in place [5]. However, due to the sequential struc-
ture of serial actuators, achieving a design close to the size of
human eyes while maintaining accuracy remains a challenge. In
contrast, parallel-chain ABVS, which employs multiple links
to drive camera rotations, allows the actuators and encoders
to be concentrated at the base, making miniaturization of the
“eyeballs” feasible. However, the complexity of parallel struc-
tures, where any geometric error in a link is transmitted through
coupling, complicates calibration and often necessitates the use
of additional sensors [6] or external devices [7], increasing costs.

Inspired by the Agile Eye [8] and Orbita 3D [9], this letter
presents an optimized design for a humanoid eye-sized AMVS
based on SPM with 3-DoF (Pitch, Roll, Yaw), similar to the
human eye. Through this optimized design, the diameter of the
AMVS eye and the interpupillary distance are reduced to 30 mm
and 65 mm, respectively, while maintaining high repeatability in
motion accuracy. This system was successfully integrated into
a humanoid head-sized robot (see Fig. 1(b)).
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Fig. 1. SPM-based 6-DoF ABVS (a) and a Torso-Humanoid Robot
Equipped with the ABVS (b). In (a), two red curves denote the maximum
outer diameter circle and the eyeball outer diameter circle of the monocular
structure. Each eye houses a fixed-focus color camera (1600 × 1200 resolution,
25 fps, 118.2° horizontal FOV), with the blue arrow indicating the optical axis.
The ABVS can rotate within ±30° pitch, ±30° yaw, and ±15° roll. In (b), the
humanoid robot features the ABVS, a 3-DoF SPM-based neck, a 1-DoF mouth
joint, stereo speakers (ears), a six-microphone array (head), and two 5-DoF
robotic arms.

Given the nonlinear kinematics and complex error propaga-
tion in SPM, traditional kinematic modeling methods may face
challenges in both computational complexity and calibration
accuracy. Recently, neural network-based methods have made
significant advances in robotic kinematic modeling, effectively
learning the mapping between inputs and outputs from large
datasets. This study proposes a novel two-branch optimization
network that further improves the accuracy of forward kinematic
calibration for the AMVS. Additionally, to address discrepancies
in kinematic models across different AMVS units caused by
factors such as machining, assembly, or wear, we propose a four-
branch fine-tuning network, enabling calibration with minimal
data for each new device.

The main contributions of this letter are as follows:
� Designed a 6-DoF ABVS based on SPM, achieving high

repeatability in positioning while matching the human eye
size.

� Proposed a two-branch optimization neural network that
significantly enhances the calibration accuracy of the
AMVS. Furthermore, the partitioned fine-tuning strategy
reduces the data required for calibration while achieving
satisfactory precision.

� Demonstrated accurate stereo reconstruction on the ABVS.
To the best of our knowledge, this is the first instance of
achieving accurate stereo reconstruction on a humanoid
eye-sized ABVS.

II. RELATED WORKS

ABVS can be classified into series and parallel architectures
based on differences in kinematic chain structures. Series ABVS
offer different DoF, such as 3-DoF [10], 4-DoF [11], and 6-DoF
[5], [12]. The 6-DoF version features precise kinematic calibra-
tion, enabling accurate depth maps and point clouds. In contrast,
parallel ABVS, such as the Agile Eye introduced in [8], based on
an SPM, achieve higher rotational speeds and ranges compared
to the human eye. Furthermore, [13] presents a parallel-type
bionic eye utilizing the Oculomotor Control Model and SPM
principles. However, the aforementioned ABVS systems are not
well-suited for integration into humanoid-sized robot heads due
to their size and structural limitations.

Calibration methods for parallel mechanisms, such as SPM,
can be categorized into geometric error modeling and neural

network-based fitting approaches. Geometric error modeling
methods [14], [15], [16] often involve complex modeling and
solving processes, and while hand-eye calibration [16], [17] can
correct offsets between the mobile platform and the camera, it
cannot address inherent errors within the mechanism itself. In
contrast, neural network-based methods [18], whether for kine-
matic modeling or error compensation [19], are more suitable for
highly nonlinear systems like SPM but require substantial cali-
bration data for each device. Additionally, some methods utilize
external devices [20], [7] or additional sensors [6] for kinematic
estimation, which increase deployment and operational costs.

III. PROPOSED ABVS BASED ON SPM

The proposed ABVS achieves 6-DoF rotational motion with
dimensions comparable to human eyes, enabling integration
into a humanoid head. This compact design demands precise
kinematic calibration, high-precision encoders, and excellent
positioning repeatability. Utilizing a coaxial SPM—a 3-DOF
pure rotational parallel mechanism with a fixed rotation center—
the system offers advantages over serial structures [5], [12] in
terms of low power consumption, compact size, lightweight
design and high dynamic performance. Moreover, the Orbita 3D
system-based design simplifies hinge structures relative to other
SPMs [8], [13], yielding a more compact, cylindrical form that
supports even smaller dimensions and baselines. The optimized
AMVS was successfully integrated into a humanoid robot head
(see Fig. 1(b)) as one of two identical units forming the ABVS.

A. Optimized Design of the AMVS

The AMVS consists of a mobile platform, a camera, upper
and lower bases, a motor drive board, and three assemblies
of “motor, gearbox, link gear, proximal link, distal link” (see
Fig. 2(a)). The three distal links are connected to the mobile
platform, which houses MIPI camera modules measuring just
7.8 mm × 7.8 mm × 5.12 mm, equipped with OV8856 sensors
that support frame synchronization for dual-camera image cap-
ture. The selected motor is the MOONS’ DCU13020 brushed
coreless motor, with a diameter of only 13 mm, a maximum
speed of 784 rpm, and a continuous maximum torque of 22.4
mNm. Speed reduction is achieved through reduction gearboxes
and link gears with ratios of 16:1 and 62:21, respectively. To en-
hance repeatability in positioning and ensure accurate kinematic
calibration of the AMVS, optimizations were made in both the
mechanical structure and the position encoding system.

First, in terms of mechanical structure, the key components of
the AMVS were manufactured using aluminum alloy, with shafts
and holes machined to high precision standards of Grade 5 and
Grade 6, respectively. Detailed tolerance analysis was conducted
for the bearings and other parts in the hinge mechanism, with
careful distribution of tolerances across components. This en-
sures the rotational accuracy of the hinges, thereby minimizing
mechanical errors and backlash.

Second, in terms of position encoding, the AMVS utilizes
multi-stage gear transmission involving reduction gearboxes
and link gears, which introduces gear backlash. If the encoder
is installed on the motor end [23] or at the link gear [9], the
backlash would prevent the encoder from accurately reflecting
the movement of the links, thus affecting the repeatability of
positioning. Furthermore, incremental encoders require finding
a reference point upon startup to determine absolute position. If
the encoder is mounted on a shaft with a reduction ratio greater
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Fig. 2. Partial Cutaway View (a), Kinematic Structure (b), and Encoder
System (c) of the AMVS. In (a), the yellow, green, and red represent the three
gear transmission and linkage systems, with parts ending in “1” belonging
to the green system. Three optoelectronic sensors and a black-marked shared
code wheel form the position acquisition system, with O1xyz representing the
end-effector coordinate system. In (b), yellow dashed lines show the home
configuration of the three proximal links forming 120° angles, rotating around
O2, with their axes q1, q2, q3 and deviations θ1, θ2 and θ3. Unit vectors u1, u2,
and u3 denote the directions of the proximal links’ lower rotation axes, while
w1, w2, w3 and v1, v2, v3 denote those of the distal links’ lower and upper
rotation axes, respectively. All intersect at point O1. Angles δ1 and δ2 define
the link curvature. In (c), yellow, green, and red blocks show the optoelectronic
sensors. The red arrows indicate positive motion. And three zero markers on
the code wheel are labeled Ø1, Ø2, Ø3, with angles ϕ1 and ϕ2 representing
the angles between Ø1 and Ø2, and between Ø1 and Ø3. For this AMVS,
δ1 = 60°, δ2 = 90°, δ3 = 120°, ϕ1 = 9.944°, ϕ2 = 180° and u1 = u2 = u3

= [0, 0, −1].

than 1, it cannot directly capture the pose of the mobile platform.
Operating the motor without precise platform pose information
may lead to singular configurations, where the angle between the
z-axis of the AMVS mobile platform and the z-axis in the home
configuration is 90°, potentially causing mechanical lockup or
damage.

To address these issues, a new position acquisition system
was designed, where three optoelectronic sensors and a shared
code wheel were installed on the three proximal links and the
lower base, respectively (see Fig. 2). This allows the encoder to
directly measure the motion of the proximal links, eliminating
the effects of gear backlash. Incremental optoelectronic encoders
(Broadcom AEDR-871x) were used in combination with a
custom 1448-line radial grating code wheel. These encoders
feature dual-channel quadrature digital output and built-in 16x
interpolation, providing a theoretical minimum resolution of
0.0039°. Since the three sensors share a single code wheel, the
system can control all three motors to rotate in the same direction
and at the same speed after startup. Once the sensors pass the
zero position on the code wheel, the absolute positions of the
proximal links can be determined. Three zero positions were set
on the code wheel (labeled Ø1, Ø2, Ø3 in Fig. 2(c)), allowing
each sensor to determine its absolute position with a rotation of
at most 180°. This design improves the speed and convenience
of determining the pose of the mobile platform and eliminates
the risk of entering singular positions.

B. Kinematics of the AMVS

In this letter, the kinematic model of the AMVS is divided into
the ideal and calibrated models. The ideal forward and inverse
kinematic models, Bideal and B−1

ideal, can be derived directly

Fig. 3. Data Collection Setup (a) and AprilGrid [21] Image Captured by
AMVS (b). In (a), the distance between the four AprilGrid boards and the two
ABVSs (comprising four AMVSs: C0, C1, C2, C3) is approximately 1.5m,
ensuring sufficient detection of corner points throughout the camera’s motion
within the entire workspace. In (b), the red crosses indicate the detected corners
of the boards, while the yellow labels show the board identifiers and the tag IDs.
The tag ID ranges for board IDs 1, 2, and 3 are 36 to 71, 72 to 107, and 108 to
143, respectively.

from the AMVS design documentation, and their derivation and
solutions have been thoroughly discussed in previous studies
[22], [23]. The calibrated kinematic model Bcalib, is obtained by
collecting data and applying various calibration methods. For
simplicity, Bideal andB−1

ideal denote the ideal models, while Bcalib

and B−1
calib represent the calibrated models, defined as follows:

Pideal = Bideal(θ), θideal = B−1
ideal(Pideal) (1)

Pcalib = Bcalib(θ), θcalib = B−1
calib(Pcalib) (2)

Here, θ = [θ1, θ2, θ3] represents the position vector of the
proximal links in the AMVS, and P= [α, β, γ, x, y, z] represents
the end-effector pose vector of the camera, including Euler
angles [α, β, γ] in the pitch, roll, and yaw directions, and the
translation vector [x, y, z] relative to the home configuration.
Pideal and Pcalib represent the ideal and actual end-effector
poses of the AMVS camera, respectively, whileθideal andθcalib

represent the ideal and actual proximal link positions required.

IV. CALIBRATION DATA COLLECTION AND ANALYSIS

A. Data Collection and Processing

As shown in Fig. 3(a), the calibration data was collected using
two ABVS systems (a total of four AMVS units: C0, C1, C2,
and C3). As previously described, the theoretical end-effector
workspace of the AMVS is defined by the pitch (α), roll (β),
and yaw (γ) angles. These angles are sampled at 1° intervals:
α � [−30°, 30°], β � [−15°, 15°], and γ � [−30°, 30°]. The
Cartesian product of these sampled values forms the complete
set of theoretical poses:

Pideal,k ∈ {α} × {β} × {γ}, k = 1, 2, . . . , 115351 (3)

This results in 115351 unique combinations that comprehen-
sively represent the theoretical workspace. Due to variations in
the reachable limits of different AMVS units, the total number
of data points collected varies slightly. A total of N0 = 109625,
N1 = 110462, N2 = 110624, and N3 = 110729 samples were
collected from the devices C0, C1, C2, and C3, respectively,
forming DatasetC0, DatasetC1, DatasetC2, and DatasetC3. Dur-
ing data collection, for the j-th ideal sampling pose of the AMVS,
Pj = [αj, βj, γj, 0, 0, 0], the corresponding proximal link
positions θj = [θ1j, θ2j, θ3j] were calculated using the ideal
inverse kinematic model B−1

ideal, and the AMVS motors were
driven to these positions to perform sampling. Subsequently,
the AprilGrid images captured by the camera were processed
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Fig. 4. Data Distribution of Dataset_C0: (a) Distribution of three-axis
rotation data, and (b) Distribution of three-axis translation data, both obtained
from camera pose estimation using AprilGrid.

using a combination of corner detection and bundle adjustment
to optimize the estimation of the camera pose relative to the home
configuration, yielding the actual end-effector pose Pactual,j =
[αj

′, βj
′, γj

′, xj′, yj′, zj′], representing the actual rotation [αj
′,

βj
′, γj

′] and translation [xj′, yj′, zj′] of the camera relative to the
home configuration.

To improve the accuracy of the camera pose estimation, four
AprilGrid boards were used (see Fig. 3), ensuring that enough
corner points could still be detected even after large-angle rota-
tions of the AMVS. Each AprilGrid board has a unique identifier,
and every tag on the boards also carries a distinct identifier.
Using this information, the AMVS camera can reliably match
the detected corner points in the current pose to those from
the home configuration. With the matched corner points, the
actual end-effector pose of the AMVS is precisely solved by
minimizing the reprojection error.

B. Calibration Data Analysis

By processing the collected calibration images, the actual
camera poses for each AMVS unit Ci (i � {0,1,2,3}) were
obtained as Pactual,j, where j � [1,Ni]. An analysis of the actual
pose data Pactual revealed significant differences in the data
distribution between rotational and translational components.
Specifically, the rotational data [αj

′,βj
′, γj

′] exhibited regularity
and consistency, while the translational data [xj′, yj′, zj′] showed
greater randomness and dispersion. This is shown in Fig. 4,
which displays the distribution of the camera poses for C0 across
both rotational and translational dimensions.

From a theoretical perspective, rotation and translation jointly
characterize the end pose, yet they exhibit significant differences
in both physical meaning and numerical scale, as evidenced by
the distribution of these data in Fig. 4. Specifically, even minor
variations in rotation data can lead to pronounced global geo-
metric transformations on the image plane, whereas translation
data—affected by factors such as scene depth—display different
sensitivity during optimization. This phenomenon aligns with
common distribution optimization strategies in SLAM, such
as sequentially solving for rotation and translation parameters
in ORB-SLAM3 or optimizing them separately as described
in [26]. Based on this observation, the next section introduces
our branch network optimization strategy, which is designed to
more precisely model the distinct characteristics of rotation and
translation data.

V. PROPOSED NEURAL NETWORK-BASED FORWARD

KINEMATIC CALIBRATION OF AMVS

Due to the highly nonlinear kinematic characteristics of SPM,
its multi-link coupling structure causes errors to propagate and

Fig. 5. Neural network architectures for AMVS forward kinematic cali-
bration: (a) Baseline MLP model M1, (b) Proposed two-branch optimization
network M2, (c) Proposed four-branch fine-tuning network M4. The blue dashed
boxes highlight the layers subject to fine-tuning during training in each network.

amplify progressively during the end-effector’s movement. Tra-
ditional kinematic modeling methods face challenges in terms of
both accuracy and computational complexity. To address these
challenges, this letter proposes a two-branch Multilayer Per-
ceptron (MLP) network to improve calibration accuracy based
on the distinct characteristics of rotational and translational data.
For practical application, the network is further refined into
a four-branch structure for fine-tuning, improving calibration
precision and substantially reducing training data requirements.
For clarity, the three network structures (see Fig. 5) involved
in this letter are labeled as follows: the baseline MLP model
(M1) [18], the two-branch optimized network (M2), and the
four-branch fine-tuning network (M4).

A. MLP

The MLP is capable of learning complex nonlinear rela-
tionships and accurately fitting the mapping between inputs
and outputs, making it suitable for handling the intricate error
relationships in SPM. In this letter, the MLP directly maps the
proximal link positionsθ= [θ1, θ2, θ3] to the actual end-effector
pose Pactual. The network is trained by minimizing the error
between the predicted pose and the measured pose. The loss
function is defined as:

LM1 =

Ntrain∑
i=1

‖Pactual,i −Bcalib(θi)‖2
/

Ntrain (4)

where Ntrain is the number of training samples, ||·||denotes the
Euclidean norm, Pactual,i is the actual measured pose of the i-th
sample, and Bcalib(θi) is the model’s predicted output.

B. Two-Branch Optimization Network

Through the analysis of actual camera pose data, it was ob-
served that the distribution characteristics of rotational and trans-
lational data differ significantly. To accommodate this difference
and enhance model robustness, this letter proposes treating the
estimation of rotation and translation as two related but rela-
tively independent tasks. The network adopts a backbone-branch
structure (see Fig. 5(b)), where a shared backbone is responsible
for feature extraction, while independent branches handle rota-
tion and translation. The backbone extracts high-dimensional
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features that benefit both tasks, while the branches handle the
distinct spatial distribution and error characteristics of each.

Additionally, a weighted loss function is introduced to handle
the inherent differences between rotational and translational
data. Since rotational data tends to follow more regular patterns,
the loss function assigns different weights to the rotational and
translational terms. This approach ensures precise rotational
accuracy while maintaining good translational accuracy. The
total loss function is defined as:

LM2 = wrot · MSErot + wtrans · MSEtrans (5)
where MSErot and MSEtrans represent the loss functions for
rotation and translation, respectively, formulated as:

MSErot=
1

N

N∑
i=1

[
(α′

i − α∗
i )

2
+ (β′

i − β∗
i )

2
+ (γ′

i − γ∗
i )

2
]

(6)

MSEtrans =
1

N

N∑
i=1

[
(x′

i − x∗
i )

2
+ (y′i − y∗i )

2
+ (z′i − z∗i )

2
]

(7)
Here, wrot and wtrans are the weights for the rotational and

translational losses in the total loss function. [α∗
i , β

∗
i , γ

∗
i ] and

[x∗
i , y

∗
i , z

∗
i ] denote the predicted rotation and translation values

for the i-th sample.

C. Partitioned Fine-Tuning Strategy

Although the AMVS exhibits high structural precision and
repeatability, manufacturing and assembly errors lead to sub-
tle variations in the kinematic models across different units.
Based on our tests, accurate calibration typically requires large
datasets, with approximately 4500 samples needed to achieve
acceptable reprojection errors. However, collecting such exten-
sive data for each unit decreases ease of use and deployment
efficiency. To reduce the required data, a pre-trained AMVS
forward kinematic model is used. For each new unit, only the
last three layers are fine-tuned with a small dataset, while the first
four layers remain fixed (see Fig. 5(c)). A partitioned fine-tuning
strategy based on pose sensitivity coefficients further improves
fine-tuning accuracy.

In AMVS, three motors jointly control the three-axis rotation
of the mobile platform. Due to the nonlinear characteristics
of the SPM’s forward kinematics, identical changes in motor
angles can result in varying degrees of rotational pose changes
at different initial positions. To quantify these rotational changes,
we represent the platform’s rotation using a rotation vector. The
forward kinematic model of the SPM is adjusted as: Brot(θ)
= r, where r = [rx, ry, rz]T is the rotation vector of the camera
mounted on the AMVS. To measure the sensitivity of the mobile
platform’s pose to changes in motor angles, we define a Pose
Sensitivity Coefficient (PSC), denoted as S. By applying a small
increment Δθ to each proximal link position θi, new proximal
link position vectors can be obtained:

θ′
i = θ+Δθ · ei, i = 1, 2, 3 (8)

where e1 = [1, 0, 0]T, e2 = [0, 1, 0]T, and e3 = [0, 0, 1]T.
Substituting the new proximal link positions θi

′ into the for-
ward kinematic model Brot(θ), the updated rotation vectors are
obtained:

ri = Brot(θ
′
i) (9)

The change in the rotation vector is given byΔri = ri – r. The
2-norm of each Δri is then computed as ||Δri||, for i = 1,2,3.

Fig. 6. 3D Voxel Distribution of PSCs for S ≤ 0.035 (a) and S ≤ 0.041
(b), Representing 12.3% and 59.2% of the Workspace.

The PSC, S is defined as the maximum rate of change among
the three rotation vectors:

S = maxi (‖Δri‖/Δθ) (10)

The PSC reflects how sensitive the mobile platform’s rotation
vector is to changes in proximal link positions, providing a
quantitative description of the impact of different proximal link
variations on pose adjustment. To compute the PSCs across
the entire workspace, the theoretical end poses Pideal,k (k =
12, …,115351) defined in (3) are used. For each Pideal,k, the
corresponding proximal link positions θk = [θ1k, θ2k, θ3k] are
calculated using inverse kinematics. Using these proximal link
positions, the corresponding PSC, Sk is computed (with Δθ set
to 1° in this letter). This yields the PSC, Sk for each theoretical
end pose Pideal,k.

Fig. 6 presents the 3D voxel distributions of the PSC for
S ≤ 0.035 and S ≤ 0.041. It is evident that points near the
center of the AMVS theoretical workspace exhibit lower S. This
observation aligns with the physical characteristics of the SPM,
where proximal link rotations near the initial position cause
smaller changes in the platform’s angle. Consequently, higher
angular resolution can be achieved near the initial position when
the encoder resolution remains constant.

Utilizing the properties of the PSCs, the theoretical workspace
is partitioned into internal and external regions. A sensitivity
coefficient threshold Sinit is defined; points with S ≤ Sinit
constitute the internal region, while those with S> Sinit form the
external region. To prevent potential underfitting due to the lim-
ited fine-tuning dataset, an incremental value ΔS is introduced.
Data satisfying S > Sinit - ΔS are used to train the external
model, and data with S ≤ Sinit + ΔS are used for the internal
model, thereby increasing the data available for fine-tuning both
branches. During fine-tuning, the shared layers of the pre-trained
model M2 remain unchanged. The two branches for rotation
and translation estimation are each duplicated and connected
to the shared layers, forming a four-branch network M4 (see
Fig. 5(c)). Fine-tuning is performed separately on the rotation
and translation branches for both internal and external regions,
while the rest of the network remains frozen. In the inference
phase, the model selects the appropriate branch’s prediction
based on the PSC.

VI. EXPERIMENTS AND RESULTS

A. AMVS Repeatability Positioning Accuracy Experiment

To achieve accurate kinematic calibration for the AMVS,
ensuring good repeatability in positioning accuracy is essential.
This experiment evaluates the repeatability of the optimized
AMVS based on ISO 9283 standards, using the setup shown in
Fig. 3(a) with C0. The camera poses calculated from Aprilgrid
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TABLE I
REPEATABILITY POSITIONAL ACCURACY RESULTS FOR AMVS

images are taken as the true camera poses. Due to space con-
straints, four randomly chosen AMVS theoretical poses (Pideal,i,
i = 1,2,3,4) were selected as target positions. For each Pideal,i,
30 random poses were chosen within the AMVS theoretical
workspace, and in accordance with ISO 9283, the system was
moved from these starting positions to Pideal,i. Notably, for each
target position, the encoder value fluctuations remained within
±0.01° over the 30 trials. Aprilgrid images were recorded, and
the camera poses were calculated. The repeatability results are
shown in Table I.

In Table I, D represents the translation distance, i.e., the linear
displacement measured during the positioning accuracy tests.
The results show that the repeatability in a given rotational
direction is 0.019°, and the overall rotational repeatability is
0.022°. However, significant absolute angular deviations were
observed, with some rotational directions deviating up to 7.2°,
and translation distances varying up to 7.8 mm depending on
Pideal,i. These results highlight the considerable discrepancy
between the actual and ideal kinematics of the AMVS. Fur-
thermore, analysis of the end-effector’s velocity curve indicates
a maximum speed of 1561°/s, exceeding the approximately
1000°/s reported in [8], which highlights the improved dynamic
performance of the proposed AMVS design.

B. Experiments on the Two-Branch Optimization Network

To conduct comparative experiments, the commonly used
hand-eye calibration method Mh was introduced [16]. Based on
the ideal forward kinematics of the AMVS, Mh incorporates
the relationship between the camera coordinate system and
the AMVS end-effector to establish a more accurate forward
kinematic model from proximal link positions to camera pose.
Experiments were performed using DatasetC0. Sampling at 3°
intervals across the three rotational axes within the theoretical
workspace yielded 21 × 11 × 21 = 4851 points for the training
set. The remaining data was divided into validation and test sets
in a 1:10 ratio.

For Mh, all 4851 points were used for calibration, and the
same test set was employed for accuracy assessment. M1 and M2

were trained with identical hyperparameters (ADAM optimizer,
batch size = 128, learning rate = 1e-4, ReLU activation).
For M2, the loss function defined in (5) was used with an
experimentally determined weight ratio of wrot:wtrans = 2:1.
All models were trained for 1000 epochs with early stopping
triggered if validation loss did not decrease for 100 consecutive
epochs. Following calibration with Mh, M1, and M2, absolute
errors (maximum, mean, and standard deviation for each pose
parameter [α, β, γ, x, y, z]) were evaluated on the test set,
with error defined as |Δα| = |α′-α∗| (and similarly for the other
parameters). Note that the maximum value represents the 99.9th
percentile, not the absolute maximum. As shown in Table II,
compared to Mh, M2 reduces rotational error—computed using
the Euclidean norm of |Δα|, |Δβ| and |Δγ|—by over 93%, and
the translation error by more than 69%. Relative to M1, M2

Fig. 7. Comparison of MSEtotal for Four Methods on Internal and External
Test Sets with Different Fine-tuning Data Points. The red and blue data lines
correspond to the red and blue vertical axes, respectively.

further reduces the Euclidean-norm-based rotational error by
17% and the translation error by 3.9%, thereby significantly
improving the accuracy of the AMVS forward kinematic model.

To further assess the impact of training data diversity on
model generalization, the training range was restricted to ±20°
pitch, ±20° yaw, and ±12° roll, with a 2° sampling interval,
yielding a training set of 5072 points. M1’ and M2’ were trained
under this constrained setting. Additionally, the test set was
partitioned into a restricted region (within the reduced range)
and an extrapolated region (beyond the reduced range), with
generalization performance assessed using the test set’s total
mean square error (MSEtotal):

MSEtotal =
1

Ntest

Ntest∑
i=1

‖Pactual,i −Pcalib,i‖2, (11)

where Ntest is the number of samples in the test set. On the
restricted test set, M1’ (0.081) and M2’ (0.079) outperformed
M1 (0.100) and M2 (0.088). However, for the extrapolated test
set, MSEtotal increased sharply for M1’ (2.339) and M2’ (1.904),
compared to M1 (0.236) and M2 (0.222). Similarly, across the
entire test set, MSEtotal rose from 0.192 (M1) and 0.180 (M2)
to 0.531 (M1’) and 0.528 (M2’), highlighting the necessity of
comprehensive training data coverage for robust generalization.
Nonetheless, the two-branch optimization strategy remained
effective across different training ranges.

C. Experiment on the Four-Branch Fine-Tuning Network

To verify the general effectiveness of M4 across different
AMVS units, experiments were conducted using datasets col-
lected from the C1, C2, and C3. To distinguish the fine-tuned
models, a superscript f was added to the model symbols, where
Mf

1 , Mf
2 , and Mf

4 represent the fine-tuned versions of M1,
M2, and M4, respectively. For the partitioned fine-tuning ofM4,
Sinit from 0.036 to 0.043 (step 0.001) and ΔS of 0.001, 0.002,
and 0.003 were evaluated. With a fixed ΔS, test set’s MSEtotal

decreased and then increased as Sinit rose, indicating an optimal
threshold. The best performance was achieved with Sinit= 0.038
and ΔS = 0.003, a configuration adopted for all subsequent
experiments. The corresponding PSCs of 0.035 and 0.041, along
with their 3D voxel distributions, are shown in Fig. 6. For
Mh, calibration was performed directly using the fine-tuning
datasets, while Mf

1 , Mf
2 , and Mf

4 were fine-tuned based
on the full models M1, M2, and M4 trained on DatasetC0 in
Section VI-B. The test set consisted of the remaining data after
excluding the fine-tuning samples.

First, the methods were evaluated under different fine-tuning
data volumes. Based on DatasetC1, five datasets were created
by sampling 8, 7, 6, 5, and 4 points along the three rotational
axes, generating 512, 343, 216, 125, and 64 training samples.
Fig. 7 shows the MSEtotal results for camera pose predictions
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TABLE II
RESULTS OF ROTATION AND TRANSLATION ERRORS FROM CALIBRATIONS USING Mh, M1, AND M2, COMPUTED ON THE DATASETC0 TEST SET

TABLE III
COMPARISON OF ROTATIONAL AND TRANSLATIONAL ERRORS FOR C0, C1, AND C2 WITH 343 FIXED FINE-TUNING SAMPLES

on internal and external data. Both Mf
2 , and Mf

4 significantly
outperformed Mh and Mf

1 , with Mf
4 showing the best perfor-

mance, particularly in the internal region.
Next, to validate the proposed method across different de-

vices, fine-tuning experiments were conducted on datasets from
C1, C2, and C3. Due to space limitations, only results with a
fixed fine-tuning dataset of 343 samples per network, based on
test set data, are presented. In addition to the four previously
mentioned methods, a new approach, MC0

2 , was introduced,
which reuses the fully trained M2 model from DatasetC0 to infer
the camera poses for other AMVS units. Table III summarizes
the maximum (99.9th percentile), mean, and standard deviation
of angular errors (|Δα|, |Δβ|, |Δγ|) and positional errors (|Δx|,
|Δy|, |Δz|) for C1, C2, and C3, using 343 fine-tuning points.
The results in Table III show that Mf

2 and Mf
4 performed

exceptionally well on C1, C2, and C3, maintaining the lowest
error means and standard deviations. Notably, Mf

4 consistently
achieved the best results, significantly reducing angular errors
and moderately improving positional errors, demonstrating su-
perior accuracy and stability. These findings confirm that the
proposed partitioned fine-tuning strategy effectively enhances
calibration accuracy with small fine-tuning datasets, validating
its generality and practical value.

Finally, to visually demonstrate the improvement in calibra-
tion accuracy brought by the proposed M2 and Mf

4 , the mean
projection error (MPE) across the entire AMVS workspace was
evaluated. Specifically, the Aprilgrid corner points detected at
the AMVS’s home configuration were projected to the current
pose using different methods, and the MPE was calculated as
the average pixel distance of all corresponding Aprilgrid corner
points.

Fig. 8 shows the MPE distribution of the theoretical end poses
Pideal for C0 and C1 using various methods. The results indicate
that Mh results in larger MPE, with errors gradually increasing
from the center to the peripheral regions. This demonstrates that
as the AMVS mobile platform’s Pitch/Yaw angles increase, the
discrepancy between the ideal kinematic model and the actual
kinematic model grows. For the full-data network models, the
proposed M2 improved accuracy across the entire workspace,

Fig. 8. Mean Reprojection Error Heatmaps on Test Datasets. Mf
4 for C1

was fine-tuned using 343 data points. The workspace is divided into 2° × 2°
grids for α and γ, with each grid showing the average MPE at that pose. Blank
grids indicate unreachable positions for the AMVS. The first column uses the
left colorbar and the others use the right.

especially in regions with large rotations, reducing the average
MPE from 2.66 pixels in M1 to 2.06 pixels. Additionally, the
Mf

4 , fine-tuned using only 343 data points from C1, achieved
results close to the full-data model M1, reducing the average
MPE from 9.61 pixels in MC0

2 to 3.47 pixels.

D. Experiment With ABVS

Stereoscopic reconstruction is sensitive to external parameter
errors between cameras, especially in ABVS, where binocular
positions change over time. This experiment evaluates ABVS
reconstruction accuracy after binocular movement using the pro-
posed calibration method. ABVS_0 (Fig. 3(a)) was mounted on
the humanoid robot (Fig. 1(b)), with C0 using the M2 calibration
model and C1 using theMf

4 model. The homogeneous transfor-
mation from the left to the right camera Tr

l = Tr
rHTrH

lH TlH
l ,

where Tr
rH and TlH

l are the transformations from home to
current positions for the right and left cameras, estimated using
their respective calibration models. TrH

lH , the transformation
between the cameras’ home configurations, is obtained through
stereo calibration.

To evaluate stereoscopic accuracy during ABVS motion,
2999 image and motor data sets were collected from various
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Fig. 9. Stereo Reconstruction. The top-left image corresponds to the camera
pose (0.939°, 0.501°, 14.972°) for C0 and (0.947°, 0.504°, 14.957°) for C1.
Using the compensated poses of the two cameras, the middle-right image
depicts the depth map computed by HITNet [24], the middle-left image de-
picts the alignment of C0 and C1 images along epipolar lines, the depth map
(middle-right) is converted to point cloud (bottom-left) with depth between
0.2m to 1.6m. The top-right and bottom-right images depict the depth map
and point cloud computed by Intel RealSense L515 LiDAR, respectively.

angles, and the corresponding TrH
lH was computed. Epipolar

lines were aligned, depth maps generated with HITNet [24],
and point clouds reconstructed. The results were compared with
RealSense L515 LiDAR. Fig. 9 shows that the proposed two-
branch and four-branch fine-tuned models produced accurate
depth maps and point clouds, confirming the effectiveness of the
proposed calibration in achieving accurate forward kinematic
calibration of AMVS based on SPM.

VII. DISCUSSION AND CONCLUSION

This letter presents an optimized 6-DoF ABVS based on SPM,
with satisfactory repeatability, successfully integrated into a
humanoid robotic head. To achieve accurate forward kinematics,
we introduced a two-branch optimization network and a four-
branch fine-tuning network, improving model precision while
reducing training data requirements. Experiments VI-B and
VI-C revealed significant discrepancies between actual and ideal
kinematics, reflected in large hand-eye calibration errors. While
the proposed neural network strategies improved calibration
accuracy and stereo reconstruction, the average MPE in VI-C
remains higher than that of serial ABVS [5] or fixed binocular
systems, highlighting the challenge of achieving high-precision
depth estimation in SPM-based ABVS. Preliminary tests using
a Transformer-based baseline combined with a two-branch net-
work indicate that the benefits of the multi-branch architecture
are not dependent on a specific backbone, achieving accuracy
comparable to or even exceeding that of an MLP. Nonetheless,
given the limited data availability and real-time constraints
in robotic systems, the lightweight MLP remains a attractive
option.

In the future, to address the high costs stemming from the cur-
rent system’s need for high-precision mechanical processing, we
will explore using lower-precision components (e.g., 3D printed
parts [23], [25],) combined with deep learning for stereovision
functionality. Moreover, while this work focuses on constructing
an accurate forward kinematics model, we will also investigate
an inverse kinematics model to enable precise saccade control.
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