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Abstract. Autonomous Mobile Robots (AMRs) are increasingly de-
ployed in diverse scenarios to automate tedious and hazardous tasks.
Nonetheless, challenges such as complex environments, sensor occlusions,
and limitations of autonomous navigation systems often require human
intervention. Teleoperation offers a viable solution, allowing operators to
remotely control AMRs when autonomy fails, without requiring physi-
cal presence. A key requirement for effective teleoperation is the real-
time delivery of rich sensory information to the operator. Head-Mounted
Displays (HMDs), combined with volumetric videos, provide an immer-
sive visualization of the robot’s surroundings, enabling natural viewpoint
changes and improved spatial awareness compared to traditional 2D
video streams. In this paper, we present a teleoperation framework to
stream in real-time volumetric videos in the form of point clouds to an
operator wearing a HMD. The system includes a distance-based sampling
strategy that dynamically adapts the point cloud bitrate to the esti-
mated time-varying network bandwidth, addressing constraints imposed
by limited computational resources on both the robot and the HMD.
The framework is implemented on a real mobile robot and evaluated
under various network conditions, including a 5G connection, demon-
strating its effectiveness and robustness in supporting immersive remote
teleoperation. Code is available at our GitHub repository’.

Keywords: Point cloud real-time streaming; Immersive teleoperation;
mobile robots

1 Introduction

Autonomous Mobile Robots (AMRs) are increasingly adopted across several do-
mains due to their ability to perform tasks without direct human intervention.
AMRs use a range of sensors — such as LiDARs, RGB cameras, and stereo cam-
eras — to perceive their surroundings and build environment models to support
autonomous decisions and task execution.

! https://github.com/Diane-Spirit
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Despite these capabilities, AMRs may fail to complete tasks autonomously
in scenarios involving sensor occlusions, complex or cluttered environments, nar-
row passages, or hard-to-detect obstacles. In such cases, human intervention is
required to resolve issues beyond the robot’s autonomous capabilities.

In this context, teleoperation is a viable solution for remotely assisting AMRs
when autonomy is compromised. It allows human operators to intervene in real-
time, navigating the robot past obstacles or correcting localization and planning
errors without the need to be physically present. This approach helps increasing
operational efficiency and allows centralized operators to manage multiple robots
deployed across different locations.

To make teleoperation effective, the human operator should be provided with
accurate and real-time information about the robot’s environment, allowing safe
and efficient robot control.

Head Mounted Displays (HMDs), together with volumetric videos, can im-
prove operator’s spatial awareness, since they provide an immersive experience
and allow natural viewpoint changes that are not possible with conventional 2D
displays and videos.

The volumetric content is generated on the remote robot and must be streamed
to the HMD in real-time, requiring a dedicated streaming pipeline suitable for
handling the high data rates and low-latency constraints of immersive content
delivery.

Volumetric video is typically represented in the form of meshes or point
clouds (PCs), both of which are characterized by very high bandwidth require-
ments [17]. In the context of robot teleoperation, the need for real-time data
transmission is critical. In fact, latency may hinder the operator’s ability to re-
spond promptly, resulting in degraded performance and a less effective control
experience. These challenges are further exacerbated by the limited computa-
tional resources typically available on ARMs, which constrain the selection of
software frameworks to those with low processing requirements, excluding many
solutions designed for high-performance workstation and laptop systems.

In this scenario, the rapid deployment of the Fifth Generation (5G) networks
represents a key enabler, particularly for the real-time transmission of high-
volume data [15]. Compared to previous generations, 5G provides a significantly
increased bandwidth [12], enabling higher data rates and reduced latency — both
critical for immersive teleoperation applications.

This work addresses the challenge of real-time point cloud transmission for
volumetric video streaming in the teleoperation of AMRs. The main contribu-
tions of this paper are as follows:

— we design a transmission pipeline for streaming volumetric video, telemetry
data, and control commands from remote AMRs to an HMD;

— we introduce a sampling strategy that dynamically adapts the size of the
transmitted point cloud to the available network bandwidth, reducing la-
tency while preserving the operator’s ability to safely control the robot;

— we build a framework for HMDs that supports rendering of point clouds
under real-time constraints.
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The proposed system is evaluated through experiments on a real mobile
robot, including deployment over a 5G testbed. The sampling strategy is eval-
uated in different bandwidth conditions, highlighting how it reacts to prevent
congestion and latencies. Moreover, we evaluate the Motion-to-Photon (MtP) la-
tency of the framework with teleoperation tests across two countries, validating
the proposed teleoperation pipeline in real use-cases.

2 Related Work

Teleoperation of remote mobile robots navigating an environment poses several
challenges. In order to properly control a robot, the delay between the control
input, its actuation, and the visual feedback must remain below 150 ms [13, 1].
This constraint is further exacerbated by the limited computational capabilities
of the on-board computing unit. Bandwidth limitations require careful consid-
eration of data transmission volumes, as point cloud data impose impractical
bandwidth demands, especially in mobile networks [3, 2, 15]. Consequently, com-
pression and filtering algorithms are required to achieve feasible data volumes.

Although point cloud compression schemes, such as G-PCC [8] and V-PCC [9],
provide high compression efficiency and support for both lossy and loss-less com-
pression, they exhibit with high encoding/decoding latency [16]. Google Draco [7]
achieves 4x compression rate, but proves to be unsuitable for real-time applica-
tions, particularly when executed on embedded devices [11, 3].

In [11], the authors introduce GROOT, an end-to-end volumetric video stream-
ing pipeline addressing efficient decoding for embedded devices. A key difference
in our work stems from the main application: teleoperating a robot, which also
involves streaming control commands. In this work, we propose a framework that
takes advantage of WebRTC’s media track and data channel for the streaming
pipeline. The former is designed for real-time audio/video transmission over the
Real-time Transport Protocol (RTP), while the latter serves as a bidirectional
channel for sending any other type of data over the Stream Control Transmission
Protocol (SCTP).

A volumetric video streaming framework using WebRTC to address low la-
tency in videoconferencing is introduced in [6]. However, this approach assumes
a static background and a distance-based filter to filter points farther than a
given distance, a condition generally encountered in videoconferencing applica-
tions but incompatible with teleoperation scenarios. Moreover, their compression
relies on Google Draco, which only works well with smaller point clouds [11, 3].

In [16], the authors propose a learning-based compression scheme for adaptive
bitrate point cloud streaming. While their system provides efficient compression
and adaptive bitrate streaming capabilities, the number of frames in the segments
directly impact compression efficiency. Nevertheless, the overall latency prevents
the framework from being deployed in teleoperation use-cases.

Notice that it is possible to employ background removal strategies for video-
conferencing, significantly reducing the number of points. However, such strate-
gies are inapplicable to the teleoperation of mobile robots. In fact, during navi-
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gation, receiving a more detailed 3D environment allows operators to follow safer
trajectories and anticipate dynamic obstacles.

3 Teleoperation framework
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Fig. 1. The proposed immersive teleoperation system

Figure 1 shows the proposed system, which consists of two main components:

a mobile robot equipped with an Nuvidia Jetson Xavier NX and a commercial
HMD, the Meta Quest 3, connected to the Internet via a 5G network.
The robot’s software stack is based on three main components:

— Robot point cloud producer: implemented in Python language, this mod-

ule acquires point clouds from the ZedSDK? and applies a filtering and cus-
tom encoding strategy to adapt the point cloud bitrate to the measured
available bandwidth (see Section 3.2);

WebRTC robot peer: implemented in Golang [10] using the Pion We-
bRTC library [14], this component is responsible for transmitting the en-
coded point clouds and receiving commands from the remote peer. It inter-
acts with other software onboard using shared memory;

ROS2 relay node: bridges shared memory and ROS2 topics to allow the
communication of telemetry and commands to and from ROS23 topics;
ROS2 navigation nodes: manage robot locomotion using its navigation
stack? and handle incoming control commands.

The HMD'’s software stack consists of two main components:

— WebRTC HMD peer (Pion Bridge): developed in Golang and compiled

as a standalone application, it maintains the connection with the WebRTC
robot peer, receiving the point cloud stream and transmitting control com-
mands to the robot. It is also referred to as Pion Bridge since it acts as a
communication bridge between the peer connection and the UL

2 https:/ /www.stereolabs.com/en-it /developers/release
3 https://github.com /ros2
4 https://docs.nav2.org/index.html
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— WebXR User Interface: implemented in Javascript as a single script to
maximize performance, this module performs point cloud decoding and ren-
dering in real-time.

In the following, a detailed description of each component is provided. In
particular, Section 3.1 describes the WebRTC pipeline, including details about
the Signaling server. Section 3.2 describes the components onboard the robot
that enable the point cloud streaming and the actuation of the received control
commands. Finally, Section 3.3 presents the framework running on the HMD
which implements the reception, reconstruction, and rendering of point clouds,
as well as sending control commands.

3.1 WebRTC pipeline

Signaling. This phase is managed by the signaling server, the main component
of the WebRTC infrastructure that allows the exchange of connection metadata
between the Robot Peer and the Pion Bridge. The signaling server has been
implemented in Node. js and relies on the WebSocket protocol to support con-
tinuous, bidirectional communication between peers. Two WebSockets endpoints
are exposed on separate ports: port 3001 for the Robot and port 3002 for the
Pion Bridge.

Internally, the server maintains an in-memory data structure that represents
its current state. This structure includes the list of registered robots, the Session
Description Protocol (SDP) offers sent by the robots, the corresponding answers
generated by the clients, and the ICE Candidates exchanged by both parties
during the connection negotiation process.

This architecture allows decoupled and asynchronous peer management: either
the robot or the Pion Bridge may connect first, without compromising the con-
sistency or reliability of the signaling process.

Communication. A WebSocket connection is used to allow communication
with the signaling server based on JSON messages. Two main interaction cate-
gories are defined: those originating from the robots and those from the client
(Pion Bridge).

In particular, the following messages define the interaction between a robot
and the signaling server during WebRTC session management:

— Register: The robot sends its identifier and the SDP Offer to register with
the signaling server.

— Offer: The robot updates its SDP offer, typically following a disconnection
or renegotiation event.

— Candidate: The robot transmits newly discovered ICE candidates to the
signaling server for connection establishment.

— Deregister: The robot requests its cancellation from the list of active robots
to avoid inconsistent states with the Pion Bridge.
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The interaction between the Pion Bridge and the signaling server is managed
through a defined set of WebSocket messages:

— getRobots: The client queries the signaling server for the current list of reg-
istered robots and their associated SDP offers.

— Answer: The client sends the SDP answer for a specific robot.

— Candidate: The client transmits the ICE candidates it has collected for a
specific robot.

Connection Lifecycle. The connection process begins with the robot registra-
tion phase. The robot initiates a WebSocket connection to the signaling server on
port 3001 and transmits a register message specifying its name and sdpOffer.
In response, the server assigns a unique identifier (robotld) to the robot and
returns it.

Next, during the client connection phase, the client establishes a WebSocket
connection on the port 3002 and retrieves the list of registered robots by sending
a getRobots message.

Once the list of available robots is obtained, the SDP negotiation begins. The
client generates an sdpAnswer for each robot and sends it to the server, which
forwards it to the corresponding robot to complete the WebRTC handshake.

This is followed by the ICE candidate exchange. Both the robot and the client
communicate their locally discovered ICE candidates to the signaling server using
candidate messages. These are then relayed to the respective peer to support
the establishment of a direct peer-to-peer connection.

In case of a network change or peer disconnection, the robot can update its
sdpOffer on the signaling server, ensuring consistency and allowing the client
to retrieve updated information via a new getRobots request to reestablish the
connection.

Finally, the deregistration phase occurs either explicitly, when the robot sends
a deregister message, or implicitly, when the WebSocket connection is closed.
In both cases, the signaling server removes the robot from the list of active peer.

3.2 The robot’s framework

Volumetric content capture Volumetric content is captured onboard the
robot in the form of point clouds using the ZED SDK [18], accessed through
a custom Python script. The stereo camera is configured to acquire images in
HD1080 resolution at a frame rate of 30 FPS. These image frames are processed
internally by the ZED SDK to generate point clouds, which are extracted at an
arbitrary frequency (in our case 18 FPS). Due to the unified memory architecture
of the Nvidia Jetson Xavier NX, each point cloud frame is stored in a (480-480) x
4 Float32 tensor using PyTorch. The first three Float32 encode 3D spatial
coordinates (,y, z) of each point, while the fourth Float32 value encodes the
RGBA color information. This representation allows for efficient memory usage
and compatibility with subsequent processing stages. The resulting point cloud
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is thus represented by a matrix P € R(480:480)x4 " where each row corresponds to
a single point, as shown below:

T1 Y1 21 1

xT Z9 C
P=[xyzc|= ; y.2 S (1)

This volume of data cannot be streamed directly, as it would require a band-
width of 480 -480 -4 - 32 - 18 = 530 Mbps, which exceeds the practical limits

of current mobile networks [3, 2, 15]. Therefore, a bandwidth reduction strategy
should be designed to enable real-time streaming over mobile connections.

Quantization and filtering To reduce the bandwidth required for point cloud
transmission to practical levels, two complementary strategies are adopted: quan-
tization and filtering.

Quantization: The coordinates of each points’ position are quantized to 16
bits. Color information is quantized into a total of 16 bits, distributed across
channels as follows: 6 bits for red, 6 bits for green, and 4 bits for blue. With
this quantization approach, each point occupies 64 bits, thus reducing the data
volume by 50% compared to the original 128-bit representation.

Filtering: Despite quantization, the bandwidth requirements for transmitting
full point clouds remain excessive. To further reduce the data rate and adapt it to
the time-varying network bandwidth while preserving task-relevant information,
a filtering strategy is introduced.

Due to real-time constraints and the limited resources available on typical
AMR platforms, traditional compression schemes are often impractical. There-
fore, we propose a lightweight distance-based filtering approach, which prioritizes
points based on their proximity to the robot.

The following formalizes known parameters. Next, the sampling strategy is
introduced.

Known Parameters : The filtering algorithm operates under the following known
parameters:

— n = 480 - 480 number of points in the raw point cloud P;

Target frame rate (FPS), specified by the application;

— A: a tunable parameter that controls the steepness of the distance-based
prioritization;

— D: a threshold distance below which all points are prioritized;

— Point size after quantization: 64 bits;

The Mazimum Frame Size (MFS), in bits, that can be computed as:

BW

where BW is the estimated available bandwidth.
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— The Maximum Number of Transmittable Points per Frame, Nyax:

1 . ( MFS 0.10-n
anax =150 - \‘150 - max (mln <647 TL) s FPS)J (3)

This expression ensures: 1) that the total number of transmitted points does
not exceed the available bandwidth; 2) packet alignment, as the number of
points per frame must be a multiple of 150 (matching the packet structure
described in Section 3.2) and guaranteeing the transmission of at least 10%
of the raw point cloud.

WebRTC, which employs the Google Congestion Control (GCC) algorithm [4],
provides feedback on the target bitrate BW in bits per second, reflecting the
current network conditions. This target bitrate acts as a system constraint: ex-
ceeding it leads to queuing delays and degraded performance [5].

Sampling Strategy: To satisfy these constraints, we apply an importance-based
sampling scheme that prioritizes points based on their depth (z-coordinate).
This importance value, referred to as wvalidity, is defined in Equation 4. The
underlying assumption is that points closer to the robot (with smaller z-values)
are more relevant for navigation and collision avoidance purposes, while points
farther away (with larger z-values) do not represent immediate obstacles.

1
v=——+—, veR™! (4)

2 A
(max(z) ) te

where ¢ is a small positive constant to avoid division by zero.

The validity values of all points below the guaranteed distance D are then
brought to the maximum value of v for all points (Equation 5) to associate them
with the highest priority.

vi{max(v) lfzi<_D fori=1,...,n (5)
; otherwise

The resulting validity is then employed as a priority vector to sample a num-
ber Npax of points from the original point cloud using a weighted random sam-
pling implemented in Pythorch using Pythorch.multinomial.

Shared Memory To ensure effective, low-latency, and thread-safe communi-
cation among these components, a shared memory and semaphore system has
been implemented, based on memory-mapped files in /dev/shm/, a portion of
shared RAM accessible as a filesystem. A total of four memory portions have
been instantiated: two for data and two for their corresponding semaphores, to
enable synchronization between reading and writing operations.

— shared_pc: Transfers the processed point cloud from the Python component
to the GoLang component. This is done via a binary buffer with a 3-byte
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header, which will contain the data size, and a payload of 1,843,200 bytes
(480x 480 8 bytes, the maximum PointCloud size allowed by the Codec). An
header file (shared_pc_head) is then used to hold the following information:
e an access flag, which is set to 1 when a new frame is available in the
shared_pc memory, while the reading process resets its value to 0 af-
ter reading, in order to allow a new writing operation. Notice that this
does not act as a semaphore, but rather as a notification flag to enable
synchronization between the writing and reading processes.
e a second flag that indicates the user’s intention to perform latency tests
on the Codec.
e the bandwidth obtained from Pion GoLang, as feedback for the Point-
Cloud Codec.
shared_control: Used for sending commands to be executed on the Robot
from the GoLang component to ROS2. These commands are represented
by a standard geometry_msgs/Twist message, which includes two three-
dimensional vectors (linear and angular, of type Vector3) and an incremental
counter to track the command sequence, for a total of 52 bytes.
A second synchronization flag, shared_control_read, that synchronizes ac-
cess to the shared_control file.

WebRTC robot peer The GoLang component of the Robot’s software stack
is responsible for establishing the bidirectional connection with the Pion Bridge
Peer, through the signaling Server, and for sending and receiving data.

Since point clouds are an unconventional data type and are not natively

supported by Pion (the main WebRTC library for Go), a Custom Media Track
has been implemented to extend webrtc.TrackLocal to transport 3D data via
the RTP protocol.

— Codec and metadata: To enable Pion to send data without employing any
codec, a 90 kHz video/pcm payload type is registered. Each point cloud frame
is then divided into RTP packets, to which the following header is attached:

e FrameNr (uint32): Sequential frame number;

e FramelLen (uint32): Total frame length in Bytes;

e SeqO0ffset (uint32): Offset in Bytes of the current portion;

e Seqlen (uint32): Size of the current portion in Bytes;

e Data: Data buffer, up to 1200 Bytes.
Each packet contains 150 points, each represented by 8 bytes: 6 bytes for
the spatial position (X Y Z coordinates) and 2 bytes for the color. The final
packet size is 1200 Bytes, where the first 900 Bytes correspond to the spatial
components (X Y Z ... X Y Z) of each point, and the remaining 300 Bytes
represent the color data for each point (C C C ... C). This packetization
process is shown in Figure 2.
Congestion control and feedback: Pion’s interceptors (send-side GCC, TWCC,
NACK, and PLI) are instantiated and added to the Custom Media Track
to allow the Python codec to obtain a bandwidth estimate, and to prevent
congestion or increased latencys;
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Fig. 2. Point Cloud Frame Packetization

— Media Track Flow: On track startup, a dedicated goroutine monitors the
shared memory. As soon as a new point cloud buffer becomes available,
the data is packetized into 1200-byte segments; the header defined above is
added to each segment, and then every packet is dispatched. At the end of
this process, a current bandwidth estimate is requested from GCC and then
relayed to the Python component using Shared Memory.

At startup, along with the Custom Media Track, the following DataChannels
are created:

— Control: Instantiated by the robot, it is responsible for receiving movement
commands to be executed via ROS2. These commands are encoded in JSON
(linear and angular fields) and written to shared memory. It is also used to
receive the user’s intention to perform a latency test;

— Banduwidth: Instantiated by the Pion Bridge Peer, it is responsible for re-
ceiving 4 Bytes that indicate the bandwidth estimate produced by the other
Peer. Although the estimate provided by Pion’s GCC implementation is cur-
rently used, it may prove useful for future implementations;

— ControlTrack: Instantiated by the Pion Bridge Peer, it handles the remote
management of RTP transmission (start/stop), via "start" and "stop" text
messages.

3.3 HMD’s Software Stack

WebRTC HMD'’s peer After the Web-UI initialization, a connection is es-
tablished with three distinct WebSocket endpoints by the WebRTC Peer: the
Control Socket, the Telemetry Socket and the Streaming Socket. In this way,
the WebRTC peer acts as a local bridge between the WebRT'C streams and the
HMD’s User Interface.

Concerning the WebSockets, the Control Socket (controlSocket) manages
the control messages between the Web-UI and the HMD’s WebRTC Peer. It also
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handles the operator’s choice of which robot to teleoperate, which in turn defines
the source of the point cloud stream.

A key function of the controlSocket is the transmission of an initialization
command to the local Pion Bridge. This command includes the signalingURL,
which contains the address of the signaling server. Providing this URL enables
the Pion Bridge to establish WebRT'C connections. Additionally, this socket re-
quests updates on the list of available robots and updates the Ul accordingly.
Then, the Pion Bridge routes only the RTP track of the selected robot, tem-
porarily suspending all other connections by sending a stop command on the
ControlTrack DataChannel, effectively reducing bandwidth consumption. Thus,
the Pion Bridge practically behaves like a multiplexer, switching views and con-
trols between different robots.

The Telemetry Socket (telemetrySocket) is tasked with sending teleoper-
ation commands from the Web-UI to the local Pion Bridge. These commands,
generated from user inputs on the HMD, are then relayed by the Pion Bridge to
the selected remote robot.

The Streaming Socket (streamingSocket) receives the point cloud packets.
To prevent the degradation of one connection from affecting all others, the Pion
Bridge allows the establishment of multiple concurrent WebRTC connections in
distinct processes. After receiving the point cloud packets, the Pion Bridge re-
constructs the coordinates and colors buffers (see Section 3.2) and sends it to
the point cloud rendering pipeline (Section 3.3). Point cloud frame reconstruc-
tion: To optimize the aggregation process, two separate buffers are pre-allocated:
one for coordinates, whose size is 900 Bytes, and one for colors, occupying 300
Bytes. As each packet arrives, its coordinates and color data are appended to
the corresponding buffers, as shown in Figure 3. This process is presented in
Figure 3.

Robot
CustomMediaTrack - = = + = = = = e e e e e e e e e e e e —— I
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Fig. 3. Point Cloud Frame Depacketization

After the full point cloud frame is received, these buffers are combined and
resized proportionally to the number of points received in the frame.
The final structure is a buffer consisting of the coordinates for the first 75%
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and the colors for the remaining 25%. The buffer is then sent to the point cloud
rendering pipeline to be rendered on the Web-UL

Point cloud rendering pipeline The HMD’s WebRTC peer calculates the
number of points using the buffer size. Then, using the byte offset, the data
type and the data size, it translates and casts the point cloud frame into a typed
array. This approach minimizes the access to memory, as typed arrays always
refer to the same memory address, and avoids unnecessary computation.

Then, leveraging ThreeJS, a library that enables the use of typed arrays,
three-dimensional geometries are defined through the use of the Buffer Geometry
class®. This kind of 3D objects have their own attributes that are then used by
the rendering pipeline, implemented using WebGLS, to draw the geometry onto
the canvas. In this step, the position and color attributes are updated to match
the ones received. This forces a geometry update and allows for the rendering
of incoming frames. The main advantage of using WebGL is represented by the
wide range of data types supported by the shader programs involved in the
rendering step. This allows for a seamless implementation of encoding strategies
based on quantization.

To efficiently render the point cloud, a custom ShaderMaterial is employed

to avoid any unnecessary calculation and ensuring the best visual quality. The
custom ShaderMaterial is done through a vertex and a fragment shader in
OpenGL Shading Language (GLSL), respounsible of reading the attributes from
the buffers and using them to render each individual point with the right posi-
tion, color and dimension on the screen.
The vertex shader is employed to calculate the final screen position of each point
and implementing an adaptive sizing mechanism. In particular, it dynamically
adjusts the rendered size of each point, gl_PointSize, to enhance depth per-
ception and visual clarity specifically for dense point clouds. The adaptive sizing
logic is designed to offer nuanced visual control. In particular, let pp,se be the
size of points; sep; the scale of the point cloud in the scene; and zjocqr the z
coordinate of the point with respect to the origin of the point cloud; then, each
point’s size gl_PointSize is calculated as follows:

glfPOintSiZG = DPbase * Soi : (]- + |Zlocal : fscaleZ')
clip

where wey;;, estimates the distance between the user’s point of view and each
point; fscalez 1S a sensitivity parameter to control how significantly the point’s
Z-position affects its final rendered size;
Note that the term ;:Z”p applies perspective scaling, making points further from
the camera appear smaller, and accounts for the scale of the object in the WebGL
scene, ensuring the final screen size of the point scales properly when manipu-
lating the point cloud object. The term (1 + |2jocal - fscalez|) refines the size of
each point, ensuring that ppgse is the minimum point size.

® https:/ /threejs.org/docs/#api/en/core/BufferGeometry
5 https://developer.mozilla.org/en-US/docs/Web/API/WebGL _APIT
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The proposed scaling technique provides valuable depth cues related to the
object’s internal structure, supplementing the standard perspective projection.
For optimal performance, this computation is executed within the vertex shader,
leveraging the parallel processing capabilities of the GPU. Moreover, points are
rendered as circles instead of squares to enhance the visual quality.

At runtime, the parameters for adaptive point sizing are determined by em-
pirical functions. These functions were initially proposed and later qualitatively
assessed to strike an optimal balance between simplicity and the visual quality
of the experience.

Notice that the point cloud elaborations are executed inside a WebWorker,
while the rendering process is handled by the main thread of the browser. The
two components communicate through messages handled by callbacks and sup-
port zero-copy buffer transmission, vital to satisfy the latency requirements. This
separation ensures a fluid user experience, reducing motion sickness that could
otherwise be caused by dropped frames.

Teleoperation Commands XR controllers are used to send commands to the
remote AMR. The teleoperation commands are represented in linear and angular
velocity values derived from the controller’s thumbstick: the linear command is
set based on the y-axis value, while the angular command is derived from the
x-axis value.

Once a teleoperation command is generated, a throttling check is performed
to ensure that commands are sent at a fixed rate. Then, commands are sent to
the Pion Bridge via the telemetrySocket.

4 Results and Discussions

In this section we evaluate the key components and provide insights on the pro-
posed framework. In particular, Section 4.1 presents the tests conducted on the
sampling strategy under different network conditions and A values; in Section 4.2,
in order to provide insights on the performance of the framework as a whole,
we evaluate the Motion-to-Photon (MtP) latency of the framework, defined as
the sum of the latency for sending the user command and the latency to receive
the new point cloud from the robot; Section 4.3 provides key insights on the
framework’s performance with respect to industrial contexts and VR comfort
requirements.

4.1 Sampling results

In this section, we evaluate the performance of the sampling strategy in different
bandwidth conditions and A values. For the purpose, we fix D = 3.85 m and
FPS = 10 Hz.
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Sampling with different A values Figure 4 presents the effects of different
bandwidth conditions on the sampling strategy when fixing different A values.
It is shown how lower X\ values lead towards a uniform sampling strategy, which
hinders the prioritization during sampling of all points closer than D (see Fig-
ure 4(a)). Higher X\ values, instead, benefit the prioritization of those points,
effectively matching the original distribution for distances below D at the ex-
penses of further points (see Figure 4(c)).

Sampling in different bandwidth conditions Then, we test different A
values under three different bandwidth conditions.

When the bandwidth prevents the streaming of points closer than D, then

the distribution of retained points will be scaled down to prevent congestion (i.e.
critical delays). In these conditions, when A assumes higher values, the retained
points after D are dramatically reduced.
It is important to note that, since we are using a weighted probability distribution
to sample the point cloud, the distribution of sampled points still depends on the
distribution of the original point cloud. In particular, the lower A, the higher this
dependency is accentuated. This effect can be seen in Figure 5, where setting
A = 0 results in having a uniform wvalidity for all distances. When applied to the
raw point cloud distribution, it follows the same trend, but scaled down to satisfy
the constraint on the Np,.x points to be sent. On the contrary, as Figure 5(c)
shows, higher A values retain the (scaled down, due to lower bandwidth) original
distribution for all distances lower than D, effectively prioritizing those points
with respect to those at a distance higher than the threshold.

4.2 Results on the testbed

Latency test In order to measure the Motion-to-Photon (MtP) delay between
the moment the user applies a control input and the moment the new point
cloud frame is received, we embed a flag in the command message and store its
timestamp. Once the robot receives the control command with the flag, it will
turn the next point cloud frame color green. Then, on the HMD’s side, once a
frame of green points is received, its timestamp is saved and compared with the
control command’s one. Moreover, for testing purposes, the green point cloud
will still be rendered. This provides the user with a visual hint of the actual MtP
delay.

In order to simulate real use cases, for this test the human operator (with
an HMD) and the robot, are deployed 1748.5 kilometers apart in straight-line
distance. In particular, the user is located at the University of Surrey (UK) and
the Robot at Politecnico di Bari (Italy). The average available link bandwidth,
measured with iperf37, is 41.44 Mbit /s, while the average RTT is 42.4 ms.

Figure 6 shows two experiments with different bandwidths conditions. The
figure shows the measured latency as well as the number of points transmitted.

7 https:/ /iperf.fr /iperf-download.php
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The latter is used to provide information on both the reaction of the adaptation
system to bandwidth changes and the quality of the received point cloud (where
a higher number of points is associated with better quality).

Throughout the tests, the latency remains under 400 ms, with spikes associated
to sudden drops in bandwidth. Note that such result is to be expected, since
the framework modulates the number of points to be sent proportionally to the
measured bandwidth. This effectively prevents high latencies at the expenses of
the point cloud density, enabling the operator to timely stop the robot if the
bandwidth hinders the streaming of a satisfying number of points.

4.3 Discussions

A key feature of the rendering pipeline is the decoupled point cloud elaboration
- rendering process. Using different threads for handling and rendering point
clouds received enables the viewport to always be reactive and responsive to the
user inputs (i.e. head movements and viewport manipulation). This separates
the point cloud capture and reception FPS from the viewport FPS, alleviating
well-known VR issues of motion sickness and improving overall operator com-
fort. In fact, the viewport FPS is only related to the TreeJS performance on the
HMD. Moreover, in the worst case where point clouds are not received at all,
the user head movement will still produce a movement in the viewport. In order
to thoroughly assess such aspects, we plan to extend this work with user experi-
ence evaluations through, e.g., motion sickness assessments (Simulator Sickness
Questionnaire) and operator workloads (NASA Task Load Index). These eval-
uations will serve as starting point for further improvements on the proposed
framework.

5 Conclusions

In this paper, we proposed a framework for immersive teleoperation of AMRs,
introducing a real-time volumetric video streaming pipeline. Leveraging both
quantization and an adaptive sampling strategy, the framework is able to adapt
to different bandwidth conditions, ensuring low latencies even in low bandwidth
conditions.

Tests conducted show that the proposed distance-based sampling strategy
effectively prioritizes relevant information for navigation purposes. Furthermore,
employing the WebRTC for transmission allowed for real-time interaction with
the robot, keeping averages latencies compatible with the practical teleoperation
requirements, especially in 5G enabled networks.

Further tests could be conducted to study how the proposed framework af-
fects the Quality of Experience (QoE) during operations. Moreover, the sampling
strategy could be further optimized to better react to bandwidth oscillations.
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