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In recent years, humanoid robots have gained significant attention due to their potential to revolu-
tionize various industries, from healthcare to manufacturing. A key factor driving this transformation
is the advancement of visual perception systems, which are crucial for making humanoid robots more
intelligent and autonomous. Despite the progress, the full potential of vision-based technologies in
humanoid robots has yet to be fully realized. This review aims to provide a comprehensive overview
of recent advancements in visual perception applied to humanoid robots, specifically focusing on
applications in state estimation and environmental interaction. By summarizing key developments and
analyzing the challenges and opportunities in these areas, this paper seeks to inspire future research
that can unlock new capabilities for humanoid robots, enabling them to better navigate complex
environments, perform intricate tasks, and interact seamlessly with humans.

© 2024 The Author(s). Published by Elsevier B.V. on behalf of Shandong University. This is an open access

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

As labor shortages intensify and the demand for automa-
tion increases, the need for humanoid robots in sectors such
as services, manufacturing, and healthcare is growing rapidly.
This demand has driven companies and research institutions
to accelerate their development efforts. The rapid advancement
of humanoid robots in recent years is attributed to interdisci-
plinary research across fields such as mechanical engineering,
electronics, computer science, and cognitive science, as well as
key technological breakthroughs in perception and control.

Humanoid robots, (see Fig. 1) like all robots, are composed
of three primary systems: the motion system, the perception
system, and the control system. The motion system, comprising
rotational and linear joints, provides the robot with the necessary
degrees of freedom to perform various tasks. The control system
is responsible for motion planning and issuing control commands
to the motion system to execute tasks. The perception system,
particularly the vision system, plays a crucial role in enabling the
robot to interact effectively with its environment.

The integration of a vision system in humanoid robots is
essential for several reasons. First, traditional methods of robot
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localization often suffer from limitations such as low position-
ing accuracy, errors in motion models, and issues like ground
slippage, which can lead to significant deviations during oper-
ation [1]. Vision-based localization provides a critical feedback
mechanism, allowing for closed-loop navigation that can correct
these errors and enhance overall accuracy. By analyzing visual
data, the robot can continuously update its understanding of its
position and surroundings, leading to more reliable and precise
navigation [2].

In tasks involving object manipulation, vision is indispens-
able. To successfully grasp and manipulate objects, the robot
must accurately determine the shape and pose of the target
relative to itself. Vision algorithms enable the robot to obtain
this information, which is then used to plan and execute the
required movements [3]. In open-loop control systems, where
motion planning is limited by imperfect modeling, the absence
of feedback can lead to significant inaccuracies. By incorporating
visual feedback, these systems can be transformed into closed-
loop systems, where the vision system continuously tracks the
robot’s and the object’s relative poses, significantly improving the
accuracy and robustness of interactions [4].

Moreover, in human-robot interaction, vision is crucial for
perceiving and understanding human intentions, such as commu-
nication, emotional states, and movement goals [5]. The robot’s
ability to detect and interpret these visual cues is fundamental to
responding appropriately and even collaborating with humans to
complete complex tasks.
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Fig. 1. Humanoid robots featured in the referenced studies.

This paper explores the critical role of vision in the devel-
opment of humanoid robots. It covers visual-based state esti-
mation, including Visual Simultaneous Localization and Mapping
(V-SLAM) for accurate navigation, as well as the challenges posed
by dynamic environments, the integration of multi-sensor data,
and strategies to mitigate motion blur. Additionally, the pa-
per delves into visual-based environment interaction, focusing
on terrain semantic information extraction, upper-body visual
control, and vision-based human-robot interaction. These ad-
vancements highlight the importance of vision in enhancing the
autonomy, versatility, and effectiveness of humanoid robots in
various applications.

2. Visual-based state estimation

Accurate state estimation is crucial for effective navigation
and interaction in humanoid robotics. Visual-based state estima-
tion utilizes visual information to determine the robot’s position,
orientation, and movement. This is essential for motion plan-
ning and navigation. Current mainstream methods for robot state
estimation include odometry-based approaches and Simultane-
ous Localization and Mapping (SLAM) technology. This chapter
covers V-SLAM, dynamic environment challenges, multi-sensor
fusion, and addressing motion blur. It will introduce classical
V-SLAM frameworks adapted for humanoid robots and discuss
solutions to various challenges encountered in V-SLAM applica-
tions. Table 1 categorizes the problems and methods discussed in
Sections 2.2 and 2.3, while Table 2 provides a comparison of the
multi-sensor fusion methods covered in Section 2.4.

2.1. V-SLAM applications in humanoid robots

V-SLAM methods can be categorized into feature-based meth-
ods and direct methods based on the type of information used for
localization and mapping.

Feature-based methods, such as those discussed in [6-9],
and [10], rely on detecting and matching a certain number of
feature points across multiple images using their descriptors. This
process provides camera pose estimation information. The de-
scriptors and keypoint locations form features that the algorithm
uses for tracking and mapping. However, these methods may

face challenges in environments with lack of texture or dynamic
changes.

Direct methods, such as those described in [11,12], and [13],
directly use raw image pixel intensity information, eliminating
the need for feature extraction or matching. These methods es-
timate the camera’s pose and environmental structure by min-
imizing photometric error. ElasticFusion [11] is a notable direct
method. It uses photometric error and incorporates the depth
point cloud from an RGB-D camera for ICP geometric error, jointly
optimizing both to improve pose estimation accuracy. It con-
structs a dense surfel map and achieves globally consistent map-
ping through local and global loop closure optimization combined
with non-rigid surface deformation.

As the first real-time closed-loop SLAM work on humanoid
robots, Stasse et al. [14] uses an Extended Kalman Filter (EKF) to
fuse the trajectory of the robot’s waist generated by the 3D Linear
Inverted Pendulum Model, camera model state estimation, and
inertial measurement data. This approach inspired subsequent
state estimation methods for humanoid robots. The method [1]
integrates joint encoders and forward kinematic models to com-
pute the robot’s pose relative to the starting point, incorporating
IMU data. This integration allows the SLAM module to compen-
sate for motion errors and provide more accurate and robust
predictive models. Building on [11], Scona et al. [15] fused leg
joint sensors, foot force-torque sensors, and an IMU rigidly con-
nected to the robot’s pelvis with visual odometry, effectively
compensating for the shortcomings of visual systems in feature-
scarce or varying lighting conditions. The mapping results are
shown in Fig. 2

To address feature matching failure due to motion blur, a
new binary descriptor, DLab, was proposed in [16]. It combines
color, depth, and intensity information to improve the robustness
of feature matching. Various V-SLAM algorithms were experi-
mented on humanoid robots in [17], comparing localization ac-
curacy, loop closure detection, mapping capability, and algorithm
robustness.

Additionally, RTAB-Map [18], as an open-source SLAM library
supporting multi-sensor integration, can be easily ported to
robotic systems, such as those described in [19,20].
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Table 1
Common issues and solutions in visual SLAM for humanoid robots.
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Problem category Method description Methods SLAM framework Reference
Dynamic object Dynamic object priors Semantic segmentation PoseFusion [21,22]
3D model RTAB-MAP [19]
Without dynamic object priors Optical flow model ElasticFusion [23]
PFD-SLAM [24]
Point cloud clustering - [25]
Sound source model ORB-SLAM2 [26]
Other motion priors StaticFusion [27,28]
DynaVins [29]
Motion blur Remove blurred frames - PoseFusion [22]
- [30]
ORB-SLAM [31]
Improve matching quality of Blurred frame - - [32]
Feature-based SLAM [33]
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Fig. 2. Dense mapping results on the Valkyrie robot. Reprinted with permission
from [15]. Copyright 2017, IEEE.

2.2. Challenges in dynamic environments

Robotic localization requires static reference points relative to
the world coordinate system. During motion, the robot calculates
its pose changes based on the relative changes in these refer-
ence points. However, in complex environments where humanoid
robots operate, there are often many moving objects. To mitigate
the impact of localization errors like those shown in Fig. 3 on state
estimation, numerous research efforts have been made in recent
years. Dynamic SLAM can be categorized into two types based on
the availability of prior information about dynamic objects.

2.2.1. With prior information of dynamic objects

In many scenarios, the dynamic objects encountered by robots
are known in advance, such as workers and containers in a
factory. In such cases, the appearance of these objects can be con-
verted into feature information beforehand, such as RGB image
semantics or 3D models. When part of the image or point cloud
captured by the robot matches this feature information, it can
be considered a potential dynamic object. This allows the system
to disregard these dynamic objects and focus on static reference
points for state estimation, as shown in Fig. 4.

For instance, Zhang et al. [22] proposed a semantic-based
human segmentation dynamic SLAM method, which uses deep

Fig. 3. Pose estimation errors occur when dynamic landmarks are included.
Dynamic landmark M moves quickly between positions M1 to M4, resulting in
inconsistent observations and triangulation errors. In contrast, static landmark S
remains in the same location, providing consistent observations and accurate
triangulation across multiple frames. Reprinted with permission from [34].
Copyright 2022, IEEE.

learning-based human detection and graph-based segmentation
to separate moving humans from the static environment. By using
OpenPose for human joint detection, the method improves hu-
man dynamics recognition and provides accurate human location
information for segmentation. The Min-Cut algorithm is then
used to segment the RGB-D point cloud, effectively separating
moving humans from the static environment. Building on this,
Zhang et al. [21] addressed the issue of humanoid robots falling
and proposed a new camera pose relocalization method based
on semantic mapping and point cloud registration, using the
3D Normal Distribution Transformation (NDT) method for point
cloud registration.

In [19], point cloud information from RGB-D sensors is used to
match 3D models of known objects. Optimization algorithms such
as ICP are used to minimize the difference between the expected
pose of the object point cloud and the actual captured depth map
point cloud, thereby determining the object’s position and pose in
space. During SLAM tracking and mapping, the information on the
tracked model parts is ignored. Additionally, many works utilize
prior information on objects for object tracking, as discussed in
Section 3.2 of this paper.

2.2.2. Without prior information of dynamic objects

In more complex scenarios, it is difficult to enumerate all
possible dynamic objects and convert them into prior feature
information. Therefore, many works have explored how to de-
tect dynamic objects solely through image information. Zhang
et al. [23] proposed a dynamic segmentation method based on
optical flow residuals. It uses PWC-Net to estimate optical flow
and utilizes optical flow residuals for dynamic segmentation,
achieving static background reconstruction through an iterative
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Fig. 4. Prior information on dynamic objects. (a) Features on potential dynamic objects in the image are ignored based on a pre-trained semantic network model.
Reprinted with permission from [35]. Copyright 2022, IEEE. (b) Dynamic objects are tracked using pre-established 3D models and point cloud registration, and these
features are excluded from the V-SLAM system. Reprinted with permission from [19]. Copyright 2024, IEEE.

process. Similarly, Zhang et al. [24] proposed a particle filter-
based non-prior semantic dynamic segmentation method, which
first uses Grid-based Motion Statistics (GMS) and optical flow to
compute frame difference images as observation measurements
and establishes the motion equations of the particle filter using
Gaussian distributions.ORB-SLAM [8] employs RANSAC for feature
point matching, which can counteract the misalignment caused
by feature points on dynamic objects to some extent.

For point cloud clustering, Wahrmann et al. [25] proposed
a dynamic point cloud clustering algorithm using the Gaussian
Mixture Model to cluster point cloud data and determine the
potential distribution of objects. By iteratively adjusting the pa-
rameters of the Gaussian distributions until convergence, the
algorithm accounts for object motion using a Kalman filter, thus
tracking dynamic objects more accurately.

Using motion priors from other sensors, Long et al. [27] con-
sider all dynamic parts of the scene as a single rigid body,
segmenting and tracking static and dynamic components. This
method can simultaneously localize and reconstruct static back-
grounds and rigid dynamic parts even in environments with
severe occlusion caused by dynamic objects. Subsequently, they
proposed an RGB-D SLAM method for indoor planar environ-
ments with multiple large dynamic objects [28]. Furthermore,
DynaVINS [29] proposed a novel Bundle Adjustment (BA) method
that uses IMU preintegration pose priors to eliminate features
associated with dynamic objects, reducing the impact of tempo-
rary dynamic objects on loop closure detection. Combining sound
source localization technology and visual SLAM schemes, Zhang
et al. [26] proposed a visual-audio fusion method to eliminate
the impact of dynamic obstacles on multi-agent systems. Us-
ing Direction of Arrival (DOA) technology, the method detects
noise directions of moving robots and marks and processes the
areas of dynamic obstacles in the RGB-D point cloud through
heterogeneous information fusion.

2.3. Challenges of motion blur

Visual odometry methods rely heavily on image quality for
motion tracking. Feature-based methods require clear images

to extract accurate feature points and descriptors, while direct
methods depend on the photometric consistency assumption.
Both methods may fail in the presence of motion blur. Humanoid
robots experience significant vibrations during walking, and most
robotic visual sensors lack built-in stabilization. Therefore, ad-
dressing visual tracking failure caused by severe motion is a
critical area of research. Solutions can be categorized into passive
methods that discard blurred frames and active methods that
enhance inter-frame matching quality.

Discarding blurred frames requires detecting them first. Zhang
et al. [22] used a Laplacian-based method to evaluate image blur,
which describes rapidly changing boundary regions in the image
using the Laplacian operator. The blur score threshold is adjusted
in real-time according to the humanoid robot’s motion, ensuring
visual odometry robustness by removing highly blurred images.
Similarly, Mutlu et al. [30] proposed a real-time motion blur met-
ric called Motion-based Motion Blur Metric, which uses inertial
sensor measurements for computation. By predicting motion blur,
frames with high motion blur can be avoided before image cap-
ture. Utilizing the synchronization between the robot’s gait cycle
and the image motion blur cycle, Fan et al. [31] filtered images
for odometry tracking based on the robot’s pose calculated by the
IMU, while Hourdakis et al. [36] selected keyframes based on the
unilateral ground force of the robot’s foot.

Active methods to enhance inter-frame matching quality in-
clude [32], which proposed a multi-frame deblurring method
based on time-varying camera motion to overcome the ill-posed
nature of deblurring problems. Different frames have different
blur Point Spread Functions (PSFs), resulting in varying frequency
losses. Combining the complementary spectral information from
different frames reduces reconstruction artifacts and improves
deblurring quality. MBA-VO [33] experimented with two de-
blurring networks, SRNDeblurNet [37] and DeblurGANv2 [38], to
enhance keyframe quality. For blurred frames, it improved tradi-
tional direct visual odometry by parameterizing the camera poses
at the start and end of the exposure (T and Te,q) and linearly
interpolating between them to establish a local camera trajectory
model during the exposure period. By optimizing the start and
end poses, MBA-VO minimized the photometric consistency loss
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Table 2
Comparison of multi-sensor fusion methods.
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Reference Visual sensor Fusion sensors Fusion framework Fusion purpose
IMU Joint encoder F/T snsor Accuracy Robustness Others

[14] Monocular v v X EKF v v -
[1] Stereo v v X EKF v v -
[39] Monocular v v FSR EKF v v -
[2] Stereo v v FSR EKF Cascade v v &
[40] RGB-D v X x EKF v - -
[41] Stereo v v x EKF v - b
[15] RGB-D v v v Optimization v v -
[42] Stereo v v X Optimization v - ¢
[43] RGB-D v v X Optimization v v -

¢ Estimate 3D-CoM position, velocity, and external force.
b Achieve low latency and drift in base state, integrating into MPC framework.
¢ Estimate force and torque of the robot leg using observer model.

Note: F/T Sensor refers to the force/torque sensor located at the robot’s foot.

between the pixel intensities captured in the current frame and
those in the reference image synthesized through re-blurring.

2.4. Sensor fusion

In complex environments, a single sensor might be interfered
with or fail. Multi-sensor fusion can maintain system function-
ality even when one sensor fails, enhancing system robustness.
For example, in environments with drastic changes in lighting
conditions, visual sensors may fail, but inertial sensors can still
provide stable pose estimation. Improving the accuracy of state
estimation and reducing uncertainty are also primary goals of
multi-sensor fusion.

Based on the algorithm framework, multi-sensor fusion SLAM
can be divided into filter-based methods and graph optimization-
based methods. Filter-based fusion typically uses recursive es-
timation methods, where filters continually correct and update
state estimates based on prior estimates and measurements. Ex-
amples include the Kalman Filter (KF),EKF, Unscented Kalman
Filter (UKF), and Particle Filter (PF), which are commonly used
for relatively simple linear or weakly nonlinear systems. In con-
trast, graph optimization-based methods represent sensor data
as a graph structure, where nodes represent the robot’s poses
at different times or feature points in the map, and edges rep-
resent constraints between sensor measurements. These meth-
ods optimize the poses and feature points in the graph using
global optimization algorithms, such as nonlinear least squares
optimization.

Due to the limited computational power onboard humanoid
robots, early multi-sensor fusion methods, such as [1,14], used
filter frameworks. Oriolo et al. [39] utilized joint encoder readings
and a differential kinematics mapping from the support foot (the
foot currently bearing the robot’s weight) to the torso to predict
the torso’s position and orientation. PTAM [9] served as the visual
odometry for the robot’s head. The kinematic, inertial, and visual
information was fused using EKF to improve the localization
accuracy and robustness of humanoid robots. As shown in Fig. 5,
Piperakis et al. [2] proposed a serial state estimation framework
called SEROW (State Estimation RObot Walking), which uses a
two-stage EKF to fuse joint encoders, IMU, foot pressure, and
visual odometry measurements to estimate the 3D-CoM position,
velocity, and external forces acting on the CoM of a walking
humanoid robot. Leng et al. [40] integrated visual odometry (VO)
and inertial navigation system (INS) to enhance localization accu-
racy and introduced a Temporal Convolutional Network (TCN) to
learn the noise parameters in the Kalman filter, enhancing the
filter's robustness and accuracy. Dhédin et al. [41] proposed a
loosely coupled EKF method for quadruped robots, combining VIO
and leg odometry to estimate a low-latency, low-drift base state
suitable for agile movements.

With the advancement of computational power, researchers
have begun applying graph optimization frameworks to humanoid
robots, quadruped robots, and car-arm systems. Building on [11],
the approach [15] uses leg joint sensors, foot force-torque
sensors, and an IMU rigidly connected to the robot’s pelvis to
estimate the robot’s state. It combines kinematic-inertial state
estimation with visual SLAM to address the shortcomings of
visual systems in feature-scarce or varying lighting conditions.
Additional residual terms calculate the error between visual and
kinematic-inertial estimations, incorporating this into the global
energy function for optimization using the Gauss-Newton non-
linear least squares method. Kang et al. [42] proposed a factor
graph optimization method for legged robots to estimate states,
including external torques and leg forces. This method builds
a dynamic model of the legged robot (an 18-DOF floating base
dynamic model), including the trunk position, orientation, and
joint angles, and a nonlinear disturbance observer to estimate the
product of the contact Jacobian matrix and ground reaction forces
for each leg. A factor graph based on visual odometry is con-
structed, introducing leg force factors and external torque factors,
and the corresponding residuals are built. Houseago et al. [43]
in car-arm systems fused data from wheel odometry, mechanical
arm forward kinematics, and visual odometry. Error terms based
on dynamic and odometry data are added to the SLAM sys-
tem’s cost function, which are optimized together with geometric
alignment errors. The dynamic error term (ey;,) constrains the
relative transformation between the camera and the base, making
it close to the values measured by robot dynamics. This involves
errors in position and orientation, weighted by an information
matrix. The odometry error term (eyqom) constrains the relative
transformations between consecutive base poses, making them
close to the values measured by odometry. This also involves
errors in position and orientation, weighted by an information
matrix. In each tracking step, the poses of the camera and base
are updated by minimizing the total cost function, which includes
geometric alignment costs, dynamic errors, and odometry errors.
For dynamic and odometry constraints, Jacobian matrices and
residuals are computed, which can be analytical. The least squares
method is used to solve the Jacobian matrices and residuals to
compute the minimum update of the states. After optimization,
partial marginalization of previous states and errors is performed
to build a linear prior for the next iteration.

3. Visual-based interaction

Effective interaction with the environment is crucial for the
autonomy and versatility of humanoid robots. This chapter ex-
plores the techniques and technologies that enable robots to
perceive, interpret, and interact with their surroundings through
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Fig. 5. The data from multiple sensors are fused using a cascaded EKF framework, which reduces the uncertainty in state estimation and provides a three-dimensional
center of mass estimation for walking humanoid robots. The cascade state estimation scheme includes both a rigid body estimator and a CoM estimator. Reprinted

with permission from [2]. Copyright 2018, IEEE.

Table 3
Classification of visual interaction.

Interaction type Method description

Methods Reference

Environment perception SLAM

[1,14,16,17,26,39,40]
[2,15,19,21,22,36]

Sparse mapping
Dense mapping

Semantic environment mapping - [44-47]
Object manipulation Visual grasping - [3,20,48]
Visual servoing - [4,49-52]
Other operations Pouring liquids [53,54]
Opening plastic bags [55]
Human-Robot interaction Intention perception Facial intention [5,56,57] [22]
Gesture intention [57-60]
Remote collaboration - [61-63]

visual inputs. The focus is on terrain semantic information extrac-
tion, visual control of the upper body, and vision-based human-
robot interaction. These methods allow humanoid robots to nav-
igate complex terrains, perform precise manipulation tasks, and
engage in meaningful interactions with humans, thereby extend-
ing their functional capabilities and enhancing their integration
into human-centric environments. Table 3 categorizes the content
of this chapter.

3.1. Environment semantic information extraction

Environment terrain perception and the construction of ef-
ficient traversable semantic maps are crucial technologies for
humanoid robots to navigate complex environments. Humanoid
robots typically rely on sufficiently large flat areas as footholds,
and the mapping process requires the constructed map to have
a high overlap with the actual environment to ensure accurate
planning and robot safety. Due to their higher degrees of free-
dom, humanoid robots can perform more complex tasks than
traditional wheeled robots, such as jumping and climbing stairs.
However, these complex movements require the robot to ac-
curately and efficiently perceive its surroundings and establish
reliable semantic maps. Therefore, it is essential to conduct more
research and discussion on planar semantic maps designed for
humanoid robots.

As shown in Fig. 6(a), Roychoudhury et al. [44] utilized plane
extraction algorithms similar to those in [66,67] to aid robot lo-
calization. In [66], point clouds are divided into non-overlapping

Sy
=
s
==

(h

Fig. 6. Terrain semantic perception by humanoid robots. (a) NAO robot perform-
ing planar semantic mapping. Reprinted with permission from [44]. Copyright
2022, IEEE. (b) The CL1 robot by LIMX Dynamics perceiving staircase terrain.
(c) Nadia robot performing real-time planar mapping and footstep planning.
Reprinted with permission from [64]. Copyright 2024, IEEE. (d) Real-time
mapping of a complete spiral staircase. Reprinted from [65]. Copyright 2024,
licensed under CC BY-NC-SA 4.0.

point groups in image space, then represented in a graph struc-
ture, and merged using agglomerative hierarchical clustering
(AHC) until the plane fitting error surpasses a threshold. The
seed region growing algorithm in [67] evaluates point inclusion
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(b)

Fig. 7. Visual Control. (a) Visual Grasping: Locating the object’s pose relative to
the robot and planning the grasping path through visual input. Reprinted with
permission from [3]. Copyright 2022, IEEE. (b) Visual Servoing: Integrating visual
information into the control model to form a closed-loop control system based
on visual feedback. Reprinted with permission from [49]. Copyright 2016, IEEE.

in existing plane segments based on distance and normal vector
similarity, followed by plane merging. This approach selects seed
points centrally within the plane, though it is still susceptible to
noise interference.

Bertrand et al. proposed a novel method combining octrees
and nearest neighbor search to extract planar regions from point
cloud data, providing an effective environmental representation
for legged robot gait planning [45]. However, the real-time per-
formance of converting point clouds to octrees needs further
improvement.

Fankhauser et al. introduced an innovative terrain mapping
method based solely on kinematic and inertial measurement
proprioception for localization [68]. This method considers state
estimation drift and uncertainty and the noise model of distance
sensors, generating probabilistic terrain estimates with upper and
lower confidence intervals. Building on this, Miki et al. [46] con-
verted point clouds into grid-based elevation maps, and used GPU
acceleration for height updates and ray projection to eliminate
dynamic obstacle parts, achieving better real-time performance
and practicality on robots. Further extending this work, Erni
et al. [47] integrated semantic information with elevation maps,
creating a rich environmental representation useful for robot
navigation, path planning, and understanding the surrounding
environment.

Bin et al. emphasized the importance of filtering depth point
clouds and demonstrated that using anisotropic diffusion filter-
ing improves the quality of point clouds, thus enhancing the
effectiveness of plane extraction [65]. Mishra et al. [64] fur-
ther developed a plane-based SLAM system by fusing extracted
planes with robot forward kinematic odometry, creating a robust
framework for SLAM.

3.2. Visual control of the upper body

The visual control of the upper body in humanoid robots is
critical for achieving precise and adaptable manipulation tasks.
This section explores various approaches to integrating visual
information into the control systems of humanoid robots, fo-
cusing on enhancing their ability to interact with objects and
environments. Visual control encompasses a range of techniques,
from visual grasping, where the robot must accurately perceive
and manipulate objects, to visual servoing, which involves using
real-time visual feedback to adjust the robot’s actions dynam-
ically. Additionally, other forms of visual feedback control are
discussed, including the handling of complex, non-rigid objects
and the execution of tasks that require a high level of precision
and adaptability. Together, these methods contribute to the over-
all robustness and versatility of humanoid robots in performing
sophisticated tasks in dynamic and unpredictable environments.
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3.2.1. Visual grasping

To enable robots to perform tasks such as grasping objects,
accurate pose information of the object relative to the robot
must be obtained through vision, followed by planning a fea-
sible grasping path and controlling the joint motors to execute
the corresponding actions. When the 3D model of the object
is available, the 6D pose of the target object can be obtained
using RGB-D point clouds. Tsuru et al. addressed the problem of
exploration and target object grasping in unknown environments,
proposing an integrated autonomous humanoid system frame-
work that includes object recognition, environment perception,
motion planning, and bipedal walking [20]. This system uses 3D
models and RGB-D point cloud data to estimate the 6-DoF pose
of the target object in real-time. As shown in Fig. 7(a), Pohl
et al. [48] studied the impact of expert knowledge on the grasp
selection process and demonstrated that selecting the correct
autonomously generated grasp candidates significantly improves
the grasp success rate of humanoid robots. Building on this, Baek
et al. [3] defined four metrics based on visual and proprioceptive
information (grasp height, distance to the center, support rela-
tionship, and operability) and modeled these metrics as Gaussian
distributions. Using the Probabilistic Action Extraction and Fu-
sion method, they processed point cloud data to extract grasp
candidates and calculate the uncertainty of the grasp poses. By
analyzing a large amount of random grasp experiment data and
their corresponding metrics, they developed a probabilistic model
for evaluating grasp candidate scores. Although their method
provides good grasp candidates in complex environments, the
entire visual grasping system is open-loop, requiring very high
precision in the metric models and exhibiting weak resistance to
interference.

3.2.2. Visual servoing

Visual servoing technology receives image data in real-time
and adjusts control commands based on image feedback, contin-
uously correcting errors until the desired goal is achieved. It can
adapt to changes in dynamic environments and targets, adjusting
control strategies in real-time to cope with uncertainties and
external disturbances. Agravante et al. [4] explored integrating
visual servoing into the overall optimization control framework
of humanoid robots. The visual servoing task is formulated as a
quadratic optimization problem addressing acceleration, allowing
visual constraints such as field of view and occlusion avoidance
to be handled as inequalities. This approach demonstrates how
to seamlessly integrate visual servoing tasks into the existing
overall control framework of humanoid robots, simplifying task
prioritization with only one posture task as a regularization term.
As shown in Fig. 7(b), Claudio et al. [49] demonstrated how
visual servoing technology helps the humanoid robot Romeo
achieve single-handed and bimanual manipulation tasks. Using
visual information in a closed-loop control system allows for the
execution of highly repetitive tasks without precise calibration of
the robot’s kinematic model. The paper not only showed single-
handed grasping but also implemented bimanual coordinated
manipulation strategies using a master-slave approach, achieving
vision-based bimanual coordination.

Paolillo et al. [50] focused on online visual tracking and ma-
nipulation of articulated objects (e.g., furniture drawers). They
used line features to track objects, and the algorithm maintained
and updated information about object edges using an edges table,
including tracking status, visibility, and visual line parameters
6 and p. When tracking failed, the algorithm attempted to find
an alternative line from the edges table. Hoffman et al. [51]
addressed whole-body motion control of humanoid robots using
visual servoing and conservation of centroidal momentum in the
absence of contact and gravity. Kheddar et al. [52] used a visual
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Fig. 8. Walker S using visual servoing and reinforcement learning to tighten
screws in a factory setting.

system to precisely locate and track target objects, such as fix-
tures in aircraft manufacturing. Visual servoing provided precise
positional information of the robot’s end-effector relative to the
target object, while force control ensured the correct force appli-
cation during contact. By integrating positional information from
visual servoing with force information from force control into
a unified control framework, precise control of robot operations
was achieved.

3.2.3. Other visual feedback control

In addition to grasping rigid objects, some studies explore how
to use visual feedback to control robots in performing challeng-
ing tasks such as pouring liquids and manipulating plastic bags.
Schenck et al. [53] was the first to use raw visual feedback for
closed-loop control in a robotic liquid pouring task. They used
a deep learning network to detect pixels containing water in
images and estimate the liquid volume in the container. The
output of the deep learning network was directly used by a PID
controller to achieve real-time feedback control for pouring a spe-
cific amount of liquid. The paper detailed their dataset acquisition
method: using thermal imaging to generate pixel-level labels for
water, training a deep neural network to detect liquid pixels in
raw color images, and using these labels to estimate the liquid
volume in the target container. Do et al. [54] proposed a method
relying solely on depth information from an RGB-D camera to
detect and track liquid levels, offering advantages in cost and
availability. For opaque liquids, height is directly extracted from
the point cloud; for transparent liquids, a mathematical model
based on the viewing angle and liquid refractive index is used to
correct depth measurements and estimate the actual liquid level.

Chen et al. [55] addressed the problem of robots opening
plastic bags with handles. The visual system identifies the edges
and handles of the plastic bag. By training a semantic segmen-
tation model, the robot can distinguish different parts of the bag
from RGB images, including handles and edges. The visual system
provides an assessment of the bag’s current state, including the
size and shape of the bag’s opening. By calculating the convex
hull area and convex hull elongation of the opening, the robot can
determine if the bag is sufficiently open to insert an object. If the
bag moves or changes shape during operation, the visual system
can capture these changes and trigger appropriate corrective
actions. During the training phase, UV-marked bags emit specific
colors under UV light, which are invisible under normal lighting.
This setup allows the robot to alternately use UV and normal light
to collect labeled images, enabling self-supervised learning.
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3.3. Vision-based human-robot interaction

Human-robot interaction (HRI) is a rapidly evolving field that
seeks to enhance the collaboration and communication between
robots and humans. See Fig. 9, as robots become more integrated
into human environments, the ability to accurately perceive and
interpret human intentions becomes increasingly critical. Vision-
based systems play a pivotal role in this process, enabling robots
to recognize and respond to human actions, gestures, and ex-
pressions. This section explores the various approaches and tech-
nologies used to improve the effectiveness of HRI, focusing on
intention perception and remote collaboration. By leveraging ad-
vanced visual processing and multimodal sensory integration,
these systems aim to create more intuitive and responsive inter-
actions between humans and robots, facilitating collaboration in
complex and dynamic environments.

3.3.1. Intention perception

We not only hope for robots to be autonomous and capable
of completing tasks independently without human intervention,
but also to interact with humans and even collaborate with them
to complete tasks. “How can robots estimate human intentions?”
is a key question in human-robot interaction. Robots need to
understand human communication and motion intentions to re-
spond appropriately. Early multimodal human-robot interaction
systems, such as [57], utilized vision for locating and tracking
the human body, facial recognition, head pose estimation, ges-
ture recognition, and multimodal fusion. [69] used the OpenFace
framework to detect and analyze human facial expressions, using
these expressions to assess user engagement and comfort. Chen
etal. [56] explored how a humanoid robot in a home environment
can detect the intention of a human partner initiating interaction.
A multimodal state machine was designed, integrating speech
recognition and face detection in a complementary manner to
improve the accuracy and robustness of interaction detection.
Bolotnikova et al. [5] employed Position-Based Visual Servoing
(PBVS) tasks to adjust the robot’s mobile base to approach hu-
mans, and Image-Based Visual Servoing (IBVS) tasks to adjust the
camera direction to keep the human head in the center of the field
of view. Visual detection of human head pose was used to deter-
mine whether the human had communication intentions. Lorentz
et al. [58] extracted pointing gestures using a pre-trained pose
estimation model and combined them with verbal dialogue as a
demonstration of interactive behavior for moving objects with
the Digit robot. A bilateral human-robot interaction approach
was proposed, using human and robot pointing gestures for target
definition and validation.

Based on learning from human-to-human interactions, Potdar
et al. [59] proposed a novel human-robot interaction approach:
using motion tracking cameras to simultaneously track the upper
body gestures of two interacting humans, resulting in a dataset of
joint data for their interactive body movements. After training, in-
verse kinematics were used to map the reactive body movements
to a humanoid robot. Through training, the robot could visually
perceive gestures such as passing objects, Namaste, boxing, and
high-fiving, and respond accordingly. Yasar et al. [60] proposed
VADER, a novel sequence learning algorithm that models past
observed poses using a flexible discrete latent space.

3.3.2. Remote collaboration

With the help of visual sensor feedback on robots and Virtual
Reality/Mixed Reality headsets, humans can remotely perceive
the robot’s situation, and wearable devices can capture the hu-
man operator’s intentions and map them to the robot’s motion
control, enabling remote collaboration. Chen et al. [61] enhanced
visual feedback through SLAM technology, supplementing areas
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Fig. 9. Applications of vision-based human-robot interaction. Left: Visual per-
ception enables Figure 01 robot to grasp an apple and hand it to a person. Right:
Kawasaki Heavy Industries’ Kaleido robot providing care to a patient.

not covered by visual feedback with real-time point clouds and
pre-constructed meshes, addressing issues such as delays be-
tween operator and robot head movements caused by network
communication latency or slow robot joint actions, mismatched
Fields of View (FOV) between the camera and head-mounted
display (HMD), and mismatched neck movement ranges between
humans and robots. They further enhanced operator perception
of the robot agent by adding multimodal feedback such as sound
and haptics [62]. Song et al. [63] used Mixed Reality headsets to
obtain augmented visual information about the robot’s environ-
ment, providing an enhanced view from the robot’s perspective,
including information about the position and weight of objects in
the robot’s field of view. This was achieved by detecting ArUco
markers in the robot’s task space and displaying the weight
information on the detected markers.

4. Challenges and perspectives

In light of the evolving technological landscape and the am-
bitious goals set by researchers and developers in the field of
humanoid robotics, this chapter discusses three key research
areas where vision systems play a crucial role in advancing the
capabilities of humanoid robots.

(1) Multi-Sensor Fusion for State Estimation

State estimation is crucial for humanoid robots to navigate
and interact in dynamic environments. However, relying solely
on visual sensors can lead to challenges such as failure in low-
feature or motion-blurred conditions [15]. Additionally, intense
shaking during walking can cause visual odometry to fail or IMU
data to drift.

Multi-sensor fusion offers a robust solution by integrating
complementary sensor data, such as IMUs, LiDAR, and leg or
kinematic odometry. This approach enhances the overall accuracy
and reliability of state estimation, allowing the robot to main-
tain precise localization even in challenging conditions. Future
research should focus on optimizing fusion strategies, exploring
the use of multi-view cameras for better environmental coverage,
and developing adaptive algorithms to dynamically adjust sensor
weighting based on real-time conditions [70]. These advance-
ments are key to fully leveraging multi-sensor fusion in humanoid
robots.

(2) Visual Semantic Understanding

There will be a continued focus on enhancing the visual se-
mantic understanding capabilities of robots. This includes im-
proving the understanding of complex terrains (e.g., identifying
traversable areas for path planning) and better comprehension of
interactive objects (e.g., recognizing and categorizing items such

Fig. 10. Visual perception enables advanced semantic understanding. Left:
Tesla’s Optimus sorting batteries in a factory. Right: Apptronik’s Apollo inserting
colored balls into a sealed plastic bag by opening the seal.

as food and tools placed on a table). Enhanced semantic under-
standing will enable robots to make more advanced decisions,
such as planning tasks in a dynamic environment. For example,
in the NimbRo robot soccer competition, the robot’s ability to
detect the ball, boundary lines, goalposts, and other robots has
evolved from traditional hand-crafted feature methods [71] to
advanced deep learning approaches [72,73], continually improv-
ing the robot’s visual perception capabilities. In recent years,
there have been increasing examples worldwide of improving the
visual semantic understanding of humanoid robots, as shown in
Figs. 6, 8 and 10.

(3) Enhanced Human-Robot Interaction

Human-robot interaction will become a significant market
demand in the future, particularly in areas such as therapy for
children with autism and elderly care [74]. The ability to perceive
human actions and expressions through visual sensors, combined
with other modalities such as audio sensors and force sensors,
will enable more sophisticated intention recognition. By lever-
aging advanced models like vision-language-action frameworks,
similar to RT-2, robots can transfer web-based knowledge to
real-world control scenarios, allowing them to understand hu-
man intentions in more complex, dynamic environments [75].
Integrating these sensory inputs with large-scale models, such
as large language models like ChatGPT, for intention analysis
will allow robots to respond to human needs more effectively.
Additionally, predicting human motion intentions through visual
input and force-torque sensors is also a crucial direction for
human-robot collaboration [76]. This multimodal approach to
understanding and responding to human intentions will be vital
in developing robots that can engage in meaningful and safe
interactions with humans, enhancing their ability to collaborate
with people in complex tasks.

5. Conclusions

This review categorizes the applications of vision-based sys-
tems in humanoid robots into two main areas: state estimation
and interaction. For state estimation, the study addresses two
critical challenges—dynamic environments and motion blur—by
classifying various methods used to mitigate these issues, and
highlights the significance of multi-sensor fusion in enhancing
accuracy and robustness. In terms of interaction, the review di-
vides applications into three scenarios: terrain perception for
navigation, upper body visual control, and human-robot inter-
action. Each application area is explored with a focus on the
advantages and challenges of the methods employed. Finally, the
review discusses three key research areas that are crucial for ad-
vancing the capabilities of humanoid robots: multi-sensor fusion,
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enhanced visual semantic understanding, and more sophisticated
intention recognition in human-robot interaction. These areas of
research are expected to drive further innovations, enabling hu-
manoid robots to perform more effectively in complex, real-world
environments.
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