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Figure 1: Immersive bimanual teleoperation of the capping task. The first three phases are guided by vision, the
screwing phase by touch. The trace below gives the uplink data rate the three camera streams have to fit into.

Abstract

Two-handed robotic systems are needed for complex tasks
like sealing a container or operating a valve. Immersive tele-
operation in combination with haptic feedback is seen as a
core service of 6G due to low latency and reliability require-
ments. While video requires tens of Mbit/s, tactile feedback
costs only kbit/s. We used an emulated link driven by a ca-
pacity trace recorded from an urban channel emulation (1 to
32 Mbit/s) and ran 19 trials with one operator across three
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rate-control schemes: fixed rate, predicted capacity, predic-
tion with queue feedback. We report a reduction of frame
loss from 14 to 1 %, a pes queueing delay reduction from 251
to 68 ms and a blind time reduction from 19 to 1 %. At task
level the 6.4 s difference stays within the run-to-run spread.
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« Networks — Network measurement; Network experi-
mentation; « Human-centered computing — Human com-
puter interaction (HCI).
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1 Introduction

Robotic systems are increasingly used to perform tasks in
cases where humans could be in danger [6]. For example,
sealing a hazardous container or operating a valve requires
two hands to grasp, align and fit one part to another (Fig. 1).
Hence, immersive teleoperation is often the only viable op-
tion. It is one of the key use cases driving the requirements of
the 6th Generation of Mobile Communication Networks (6G).
While 6G research proposes mechanisms such as multi-link
transmission and proactive video streaming to stabilize such
links [7], their benefit is commonly quantified at stream level.
Immersive visual and tactile feedback both need widely differ-
ent data rates. The force feedback requires around 60 kbit/s
for pose and force values [5]. In comparison, video trans-
mission requires data rates around 15-20 Mbit/s, while both
share the same 6G uplink. Thus, on a challenging uplink the
video stream is mainly the target of insufficient data rates,
while the operator is aligning a thread.

Predictive encoders are choosing a bit rate depending
on the current networking conditions and try to remain
under the maximum available bandwidth [4]. They measure
video encoder performance indicators such as the queue
delay, frame loss or image quality. This is typically done
with prerecorded video that is retransmitted, and not with
an immersive teleoperation task in the loop. Remote driving
over commercial 4G and 5G networks is evaluated in the
same way, but without a manipulation task [2, 3].

On the other side, Quality of Experience (QoE) is measured
as well [1], but again without a contact task. Subjective eval-
uations of impaired teleoperation video have been reported
for a comparable setup [8], but they stop at the perception
of the operator and do not cover the completion of a con-
tact task. Stream-level gains are therefore well studied, but
whether they suffice for a demanding manipulation mission
to succeed, such as screwing a cap onto a canister, remains
open. In this work we demonstrate a measurement chain that
evaluates immersive haptic teleoperation at stream, image
and task level under realistic cellular emulation.

2 Experimental Methodology

Instead of simulating network condition, we use a hier-
archical token bucket (HTB) shaper to replay a capacity
trace recorded from an urban channel emulation. HTB fol-
lows the trace between 1 and 32 Mbit/s over a 59 s period.
The encoder and the media server run in separate network
namespaces. Queued packets stay charged to the socket and
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Figure 2: Measurement setup and the three video
data rate adaptation schemes. The encoder pipeline
is drawn once and stands for all three camera streams.

the send call blocks. This propagates back pressure into
the encoder pipeline, simulating the behaviour a real link
which packet-dropping qdisc does not. The three rate-control
schemes shown in Fig. 2 reproduce the single-link config-
urations of the reference system [4]. The constant scheme
encodes a fixed 15 Mbit/s for the stereo pair (1), the predic-
tion scheme targets 85 % of the predicted capacity (2), and
the feedback scheme corrects that target by the fill level of
the send queue (3). The available rate is split by pixel rate,
75 % to the stereo pair and 12.5 % to each wrist camera. They
run at 30 fps with a queue depth of 8 frames on a single link,
against 60 fps, 15 frames and multiple links in the reference
system. Both the predictor and the shaper are driven by the
same capacity trace, so the controller knows the channel
without prediction error.

The teleoperation task consists of four consecutive phases:
grasping the canister, grasping the cap, placing the cap, and
screwing it shut. For each video frame, the sender records
the enqueue and dequeue timestamps using a common clock.
The corresponding decoded-frame timestamps are obtained
from the recorded video. A video stall is defined as an inter-
val exceeding 100 ms without a newly decoded frame. A trial
is considered successful if the cap is fully closed within the
120 s time limit. After a short training period 19 runs were
performed by one operator. The haptic loop is closed locally
and its traffic never crosses the emulated link, so the screw-
ing phase cannot be affected by the channel. The task-level
comparison therefore uses the visually guided time, that is
the mission time without the screwing phase.

3 Results

The stereo encoder reached median rates of 15.0, 16.8 and
14.9 Mbit/s under the three schemes of Fig. 2. They are within
a few percent of each other, so the regulated schemes do not
simply send less data, but redistribute out of capacity dips.
Across the three rate-control schemes, the frame loss de-
creases from 14 to 1% and the pos queueing delay decreases
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Figure 3: Stream, image and task level under the three rate-control schemes. Each point is one trial, the line is the
mean; (a) and (b) show the stereo stream, (c) is the mission time without the screwing phase.

from 251 to 68 ms. The time the operator is effectively blind
is reduced from 19 to 1 % of the mission, while the effective
frame rate increases from 24.6 to 29.9 fps. As Fig. 3a and b
show, the scatter within a scheme stays far below this sepa-
ration. Prediction alone is sufficient to substantially reduce
frame loss, but remains limited by the accuracy of the pre-
dicted channel capacity. Queue feedback does not further
reduce frame loss; instead, it corrects overly optimistic rate
estimates and reduces the pgs queueing delay from 111 to
68 ms. The schemes averaged visually guided times of 47.1s
under constant bitrate and 40.7 s with prediction and queue
feedback over seven completed runs each (Fig. 3c); the corre-
sponding mission times are 76.5 and 69.9 s. The difference of
6.4 s is smaller than the variation of about 11 s between runs
of the constant scheme, while the feedback runs scatter less.
Since both schemes were used at similar positions during
the session, the run order does not explain it either. Seven
runs per scheme resolve only differences of about 13s. In
total, 17 of 19 trial runs were completed successfully, with
both failures occurring during the screwing phase. Predictive
streaming removes the stream-level failure entirely, while
the task-level gain of 6.4 s stays within the run-to-run spread.
Sizing that benefit therefore requires measurement at task
level rather than inference from stream metrics.

4 Future Work

In the future more runs with multiple operators are planned
as well as a harsher channel to test whether the effect grows
beyond the spread, and receiver-side timestamps so that late
frames count as well as missing ones.
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