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Abstract— The viability of long-distance telesurgery hinges
on reliable network Quality of Service (QoS), yet the impact
of realistic network degradations on task performance is not
sufficiently understood. This paper presents a comprehensive
analysis of how packet loss, delay, and communication loss
affect telesurgical task execution. We introduce NetFI, a novel
fault injection tool that emulates different network conditions
using stochastic QoS models informed by real-world network
data. By integrating NetFI with a surgical simulation platform,
we conduct a user study involving 15 participants at three
proficiency levels, performing a standardized Peg Transfer task
under varying levels of packet loss, delay, and communication
loss. We analyze the effect of network QoS on overall task
performance and the fine-grained motion primitives (MPs)
using objective performance and safety metrics and subjective
operator’s perception of workload. We identify specific MPs
vulnerable to network degradation and find strong correlations
between proficiency, objective performance, and subjective
workload. These findings offer quantitative insights into the
operational boundaries of telesurgery. Our open-source tools
and annotated dataset provide a foundation for developing
robust and network-aware control and mitigation strategies.

I. INTRODUCTION

Robotic Assisted Minimally Invasive Surgery (RAMIS)
has seen widespread clinical adoption, exemplified by the da
Vinci surgical system, which has been used in over 17 million
procedures worldwide[1]. These systems enhance surgeon
dexterity and visual feedback, thereby improving patient
outcomes, accelerating recovery, and reducing complications.
Conventionally, the master tool manipulators (MTMs) and
patient-side manipulators (PSMs) are co-located in the oper-
ating room, linked by a wired connection to ensure robust,
low-latency data transmission. However, the emergence of
high-bandwidth, low-latency 5G/6G networks is overcom-
ing this limitation, enabling the paradigm of long-distance
telesurgery [2]. Telesurgery could reduce the need for phys-
ical presence while increasing the flexibility of surgical
resources in extreme or high-risk environments, such as rural
areas, battlefields [3], deep sea [4], and outer space [5].
Although several long-distance (up to 1000km) procedures
have been successfully conducted in the past [6], challenges
related to network communication stability remain a major
barrier to the wide adoption of robotic telesurgery [7].
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Network Quality of Service (QoS) degradations such as
delay, packet loss, and communication loss can significantly
impact surgeons’ intra-operative decisions and performance,
potentially leading to unsafe situations and medical com-
plications. Several studies have examined the impact of
varying types and degrees of degradations on the feasibility
and user performance in surgical teleoperation [8]. These
studies indicate that while some surgeons consider network
latencies below 200ms to be acceptable [9], latencies as low
as 50ms [7] to 135ms [10] can still hinder telesurgery perfor-
mance. Moreover, a 2000km teleoperation study showed that
packet losses of 3% to 7% under 150 Mbps communication
bandwidth can result in corrupted image frames, distracting
operators and affecting their performance [11].

Furthermore, simulated robots and environments are used
in place of physical hardware to emulate QoS degradations,
mitigating risks to expensive surgical robots and equipment
while enabling flexible task and scenario design [12], [13],
[14]. QoS degradation has also been studied in digital twin
architectures [13], [15], [16], [17] and cloud robotics [18] to
support intent recognition, autonomy, and fault-tolerance for
mitigating adverse events.

To our knowledge, no prior work has investigated QoS
degradation effects using both objective and subjective per-
formance and safety metrics with realistic, model-based
emulation of real-world network conditions across severity
levels, from near-ideal to intermediate and severe scenarios,
which arise in settings like battlefields or remote rural areas.
Moreover, no prior work has quantified these effects at
the subtask level. Decomposing complex operations into
fundamental motion primitives (MPs) [19], [20] provides a
generalizable framework for more granular analysis, such as
examining the effects of degradations on intricate tool-tissue
interactions, development of targeted mitigation strategies,
and fine-grained skill assessment.

To address these gaps, we perform a comprehensive anal-
ysis of the effects of QoS degradations on task performance,
safety, and user experience. Our contributions are as follows:

« Introducing a novel model-based Network Fault In-

jection tool (NetFI) that emulates the effect of com-
munication loss, packet loss, and delay based on real-
istic models and data from 4G/5G networks, that can
be easily integrated into any teleoperation system to
simulate diverse network QoS conditions by modifying
the stochastic models and their parameters.

o Conducting a comprehensive user study involving

15 participants at three proficiency levels, perform-
ing a standard Fundamentals of Laparoscopic Surgery
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Fig. 1: System Architecture of our telesurgical simulation setup with model-based network QoS emulation: the block diagram
illustrates the data flow between the surgeon side console, the patient side robot simulator, and the network QoS emulator.

(FLS) [21] Peg Transfer task under different network
conditions, using an open-source telesurgical simula-
tion system which integrates a state-of-the-art surgical
robot simulator (SurRoL [22]) with a surgeon console
(dVTrainer, Mimic Technologies) and mechanisms for
real-time logging of kinematic, video, and foot pedal
data for performance evaluation. This study resulted in
a multi-modal dataset with MP and error labels of
180 Peg Transfer trials.

o Providing new insights into the effects of different
QoS degradation scenarios on user performance and
operation safety, at both the task and MP levels, for
different user proficiency levels and user experience.

II. BACKGROUND AND RELATED WORK
A. Networks in Robotic Telesurgery

Safe and reliable long-distance telesurgery demands strin-
gent network performance [23], motivating numerous studies
on how degradations affect operator performance and ex-
perience. Nankaku et al. [9] showed that delays <100ms
generally preserve performance, with experienced surgeons
maintaining proficiency even at longer delays. Anvari et
al. [24] reported that latencies >300ms significantly increase
task completion times and error rates. Feasibility of teleoper-
ation has also been studied with challenging infrastructures
such as satellite links in remote or extreme environments [25]
and battlefields [26].

Simulation-based works have further complemented these
findings. Xu et al. [12] examined the effects of latency on
surgical performance using the dV-Trainer. Ouda et al. [14]
demonstrated that packet loss substantially increases task
completion time and error rates, and degrades video quality.
Ishida et al. [13] analyzed user responses to randomized
communication losses of 0-3s using the AMBF simula-
tor [27], but their study did not investigate the impact of

comprehensive network degradation on granular action-level
performance in dual-arm FLS tasks.

We advance the state-of-the-art in this area through a
comprehensive evaluation of performance, safety, and user
experience across different network degradation scenarios.
Our approach integrates realistic 4G/5G-informed QoS mod-
els, diverse error and failure types, performance metrics at
the subtask level, and a comparative analysis across three
user proficiency levels.

B. Peg Transfer and Motion Primitives

The FLS Peg Transfer (PT) evaluates bimanual dexter-
ity, hand—eye coordination, and depth perception. This task
involves transferring six pegs across a pegboard using two
graspers. Its simplicity and structured design make it a
standard benchmark for assessing surgical skill and training
progression. A successful trial of PT involves transferring
all pegs efficiently via a mid-air handover without dropping
them, moving the graspers out of the camera view or causing
any collisions with the other instruments or the environment.

To standardize surgical training and improve the under-
standing of tool-tissue interactions, prior work [28], [20] has
proposed surgical process models that decompose procedures
into hierarchical structures, consisting of steps, tasks, ges-
tures, and MPs. Each MP represents a fundamental atomic
action (e.g., touch, push, pull, and grasp) involving an
instrument and a target object. This framework enables a
more fine-grained analysis of user performance and operation
safety and has been shown to be generalizable to variety
of tasks and complex procedures. PT, for instance, can be
decomposed into nine MPs as shown in Fig. 2.

III. METHODS
A. Teleoperation Framework

Our teleoperation setup (Fig. 1) consists of three main
components: the surgeon-side console, the NetFI QoS em-
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Fig. 2: PT Task Workflow: Transfer of a red peg from the
start pole to the goal pole in the simulation environment,
modeled as a sequence of MPs, MP1 to MP9. ‘L: Left, ‘R’:
Right, ‘S’: Start, and ‘G’: Goal.

ulator, and the patient-side simulation environment. At the
console, a human operator uses MTMs and a clutch pedal
to control the simulated PSMs, while viewing the simulated
scene through a stereo viewer. The MTMs generate pose
change commands for the robotic arms, and the clutch
allows hand repositioning for adjustment and re-orientation
in the user workspace. These commands are encapsulated
into packets P; using the Interoperable Telesurgical Protocol
(ITP) [29] and transmitted via UDP at ~1 kHz.

The NetFI emulator intercepts and applies a target set
of degradations to these packets, producing P,, which are
forwarded to the patient-side robot simulator. We developed
a multi-threaded architecture to enable real-time packet pro-
cessing and rendering on the patient-side simulator, incorpo-
rating comprehensive data logging mechanisms for analysis.
Our architecture consists of a Packet Decoder thread
that decodes and stores incoming packets into a buffer and a
high-frequency command transformation thread that
accumulates delta pose commands and transforms them into
the simulated PSM coordinate system. The dVRK Inverse
Kinematic Controller of the SurRoL simulator then
retrieves the buffered PSM action commands at a lower
rate and converts them into corresponding joint angles,
enabling precise execution of the operator’s commands on
the simulated PSMs within the virtual 3D environment (see
Fig. 1). This design preserves high-frequency user inputs
even when the simulation runs at a lower rate in real time.
The SurRoL-based simulator [22] renders the environment
at 60 Hz, with video feedback streamed back to the console
via TCP. Unlike the control signals, the video stream is not
subjected to NetFI-induced QoS degradations in this study.

B. NetFI QoS Emulator

The NetFI QoS Emulator is a fault injection tool designed
to realistically simulate the effect of different network faults
that result in QoS degradation. It uses stochastic models for
packet loss, delay, and communication loss that are parame-
terized to match the characteristics observed in commercial
wireless and cellular networks. To facilitate a broad range

of research into system safety and security, the emulator
is engineered to integrate with any teleoperation setup,
allowing degradation scenarios to be studied in isolation or
in composition.

The parameters for each model, which shape characteris-
tics like the mean and skewness of the underlying statistical
distributions, are pre-calculated via optimization (see section
II-D). This process creates a large database of parameters
that can reproduce a wide spectrum of real-world network
conditions, from ideal to worst-case scenarios (e.g., delay
from 0-1300ms, packet loss from 0-95%). These parameters
are stored in a Fault Parameter Database. As shown in
Fig. 1, when a user defines an injection campaign (e.g., SOms
delay with 50% packet loss) via a specific format acceptable
by the Scenario Builder, the Configuration Manager
loads the appropriate stochastic models (see section III-C)
and pre-calculated parameters to construct the emulation
scenario. This scenario may consist of one or more than one
degradation type, which is further structured as an emulation
pipeline. Finally, the Fault Injector intercepts packets,
which are temporarily held in an input buffer. The active
emulation model assigns a degradation status (e.g., normal,
dropped, and/or delayed) to each packet. Packets are then
placed in an output buffer and relayed to the patient side
simulator according to this status. The emulator is imple-
mented using efficient low-level software, ensuring that its
own processing overhead adds less than 1 ms of delay.

C. Models of Network Degradation

To realistically emulate network conditions, we use the
following stochastic models for packet loss, delay, and com-
munication loss, which capture the variable and uncertain
nature of wireless and cellular networks.

1) Packet Loss: Severe packet loss in wireless networks
is often bursty rather than fixed-rate and independently
distributed, a phenomenon that can significantly degrade
performance in real-time applications like telesurgery[11],
[14]. This is true for hospital WLANSs, where interference
causes burst errors, and for 4G/5G cellular networks under
adverse conditions like deep fading, congestion, or handover,
where burst losses can last for hundreds of milliseconds [30].
To capture these dynamics, we employ a four-state Gilbert-
Elliott (GE) Markov model [31], which has been validated
for both WLAN and LTE networks [32]. The model consists
of a ‘Good’ state (Sy) with minimal loss, a ‘Bad’ state (S7)
with significant loss, and two intermediate states (S2, S3)
(see Fig. 1). The probability of transitioning from state .S;
to state S; at any given time is denoted by F;; and the
probabilities of transitioning from any given state .S; to all
possible next states sum to one, for all ¢ € {0, 1,2, 3}.

To model the heavy-tailed nature of burst loss lengths
(BLL) in each state .S;, we use a Pareto Type II (Lomax)
distribution [33] with the probability density function:

Oéi/\?i

flx) = [CESHEE

x>0, a;,A>0 (1)
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where «; and \; are the shape and scale parameters. BLL
(x) samples are generated using inverse transform sampling:

X=X\ ((1—U)‘a%—1) 2)
where U ~ U(0,1) is from a uniform distribution.

To achieve a target loss rate, the NetFI’s configuration
manager loads the appropriate values of «;, A; and the
transition probabilities P;; for all states <. We only optimize
the Lomax parameters for good and bad states (see Section
II-D), and the rest are adopted from [33], [34].

2) Delay: Communication Delay in 4G/5G networks can
be highly variable and can be accurately modeled using
hyperexponential distributions, which capture scenarios with
multiple cascaded delay processes arising from factors like
network congestion [35], [36]. We model the total delay D
as Dpin + X, which incorporates a minimum baseline delay
Dpin to account for hardware and transmission overhead,
plus a random variable X with a hyperexponential distri-
bution. The probability density function (PDF) for X is a
weighted sum of n exponential distributions:

flz) = Zwi)\ie*)‘”, x>0 3)
i=1

where w; are the weights (3 w; = 1) and \; are the rate
parameters. These parameters are loaded by the configuration
manager to achieve a target mean delay, given by:

E[D] = Dun+Y_ @)
i=1 "

In software, NetFI delays MTM command packets by
holding them in a time-scheduled buffer before release.
The patient-side controller then executes these time-shifted
commands in arrival order, creating a temporal mismatch
with the current MTM input.

3) Communication Loss: Extended communication loss
is a worst-case scenario in which the teleoperated robot
does not receive new packets, representing a total loss of
communication. Telesurgical systems typically engage a fail-
safe mode or emergency stop to halt the robot operation. Our
model simulates these events with three components:

o Loss Initiation: Each packet has a probability pjoss of
triggering a loss period.

o Loss Duration: The duration of the loss, L, is sampled
from a uniform distribution, L ~ U(Lwin, Lmax). All
packets are dropped during this interval.

o Cooldown Period: Following a loss event, a cooldown
period of C' packets is enforced during which no new
loss events are initiated, preventing unrealistic consec-
utive losses.

The expected loss rate is the ratio of the average loss duration
to the total cycle time (loss + cooldown):

E[L] _ (Lmin + Lmax)/2
[L] + C (Lmin + Lmax)/2 + C

Our configuration manager selects the values of L.y,
Ly, and C' to achieve a target loss rate.

Loss Rate = 5
oss Rate = — )

D. Emulator Parameter Optimization

We use Monte-Carlo simulation [37] and differential
evolution optimization [38] to find the optimal values for
the tunable parameters in each degradation model in order
to meet target metrics (specific packet or communication
loss rate, delay). We first gather QoS measurements and
performance benchmarks for target networks (e.g., 4G, 5G,
Wi-Fi, Satellite) from commercial network studies [39], [40],
[41] to define realistic QoS degradation severity levels for
routine and critical scenarios.

Then for each model with the parameter vector § =
[91, 92, . ,(gn] (e.g. Hdelay = [wl, /\17 veey Whyy /\n, n]), we
minimize the squared error between a target degradation
level (e.g., 100ms delay), Myqrget, and the empirical metric
obtained from a Monte-Carlo simulation Memy(6):

J(G) = (Memp(e) - Z\ftarget)2

This multivariate optimization problem is solved numeri-
cally using differential evolution and this process is repeated
to generate a parameter database for our study.

IV. EXPERIMENTAL SETUP

To investigate the impact of network QoS degradations on
telesurgical performance, we designed a user study to answer
the following research questions:

RQ1: How do different types and severities of network
degradations affect overall task performance and safety?
RQ2: How do these degradations affect the execution of
individual MPs?

RQ3: How do different network degradations impact the
subjective user experience and perceived workload?

A. User Study Design

We conducted a user study with 15 graduate engineering
students (12 male, 3 female; age: 26.7 4= 4.4), approved by
the university’s Institutional Review Board (IRB). Initially,
participants underwent a familiarization phase to practice
the control of the surgeon console. They proceeded to the
main experiment only after demonstrating proficiency by
successfully completing the PT task under normal network
conditions. Following familiarization, each participant com-
pleted a System Usability Scale (SUS) [42] questionnaire to
evaluate the baseline usability of our system. This ensured
that performance results reflected network conditions and
skill rather than interface-related difficulties.

The experiments involved performing the PT task under
four primary network conditions: Normal (no degradation),
Packet Loss (PLM), Delay (DLM), and Communication Loss
(CLM). For each of these degradation types, participants
were exposed to three severity levels: low (1), medium
(2), high (3). The orders of the degradation types and
their severity levels were randomized to eliminate potential
biases. Each participant performed 12 trials, including 72 peg
transfers. After completing all trials for a given degradation
type, participants completed a NASA Task Load Index (TLX)
questionnaire [43] to express their perceived workload and
experience across varying network conditions.
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B. Network Degradation Parameters and Characteristics

The network conditions for the user study were gener-
ated using the stochastic models and optimization process
described in Section III. Table I lists the specific parameters
optimized (Column 4) for each degradation type and severity
level to achieve the target QoS degradation within 2% error.
Under normal conditions, delay is kept within 5ms, and
packet loss under 0.01%, which is considered ideal for a
5G teleoperation infrastructure [23].

TABLE I: Key parameters for emulated network degradations

Degradation Type Severity  Target Model Parameters 6
PLM-1 10% Loss g = 4.43, o = 1.64; a1 = 4.97, A1 = 0.27
Packet Loss PLM-2 30% Loss  «p = 4.60, Ao = 3.55; a1 = 3.90, \1 = 1.47
PLM-3 50% Loss g = 3.86, A0 = 3.32; a1 = 3.80, A1 = 6.05
DLM-1 100 ms Dinin = 70, w = [.73,.27], A = [.027, .085]
Delay DLM-2 300 ms Dinin = 210, w = [.892,.108], A = [.011,.016]
DLM-3 500 ms Dinin = 406, w = [.895,.105], A = [.010,.015]
CLM-1 10% Loss L ~ U(0,3000)ms, C' = 8500ms
Communication Loss ~ CLM-2 30% Loss L ~ U(0,1000)ms, C' = 1000ms
CLM-3 50% Loss L ~ U(0,2000)ms, C' = 1000ms

The target degradation levels reflect diverse telecommu-
nication conditions and use cases. Low levels represent
transient sub-optimal scenarios common in commercial net-
works, medium levels correspond to conditions that may
degrade user performance and patient outcomes [39], [40],
[41], [33], and high levels emulate adverse environments
such as deep-sea [4] or battlefield networks [3]. Target
communication loss and packet loss rates are selected to
be similar (10%, 30%, 50%) to capture how they affect
user performance and experience differently. Additionally,
parameters of CLM-2 are selected such that it simulates
frequent, short and unpredictable losses, while CLM-3 rep-
resents longer, more frequent, but more stable outages.

C. Data Collection and Objective Metrics

During each trial, we recorded comprehensive data
streams, including high-frequency kinematic data from the
7-DoF console MTMs and simulated PSMs, clutch pedal
state, and a 60Hz video of the simulation environment.
We manually annotated all the trials for MPs, errors, and
failures by reviewing the recorded videos. This resulted in
an annotated multimodal dataset of 180 trials (total of 1,080
peg transfers), which we used for post-hoc analysis of
objective and subjective performance.

Performance Metrics: We analyzed three primary objective
performance metrics to reveal changes in operator behavior
under different types of network degradations:

o Completion Time: The total time taken to successfully

complete the intended action (a transfer or a single MP).

o Motion Length: The path length traveled by the con-

sole manipulators and the simulated PSM end-effectors.
¢ Clutch Usage: The number of clutch pedal activations,
indicating user adjustments and re-orientations.
Safety Metrics: To objectively assess the impact on task
safety, we analyzed the occurrence of errors and failures in
each trial and across different MPs as defined below:

o Errors are events that result in deviation from the ideal

task workflow, but are recoverable:

1) Multiple Attempts: Repeating a single MP more
than twice.

2) Object Drop: Dropping the peg in a recoverable
orientation (i.e., hole facing upwards).

3) Collision: Crash between the grasper and other
objects (peg board, other grasper, etc.).

4) Out of View: The grasper tip moving completely
out of the camera field of view.

« Failures are irrecoverable events, resulting from errors:

1) On-Board Drop: Dropping the peg on its side on
the board, making it irrecoverable.

2) Off-Board Drop: Dropping the peg completely
off the peg board.

3) Incorrect Placement: Placing the peg on a pole
of a different color.

Based on objective performance and safety metrics under
normal trials, we classified all participants evenly into three
proficiency groups: Novice, Intermediate, and Expert.

V. EXPERIMENTAL RESULTS
A. Completion Time

As shown in Table II, all Touch MPs (MP1, MP4,
MPS8), are most affected by three intensified network
degradations, demonstrating substantial value changes that
contribute significantly to the overall increase in total transfer
time. Notably, MP4 is impacted even under low-level delay
(DLM-1) and 30% packet loss (PLM-2), making it the most
challenging MP due to its involvement in a coordinated two-
handed position and orientation adjustment.

In contrast to packet loss, communication loss introduces
prolonged periods of packet drop that can completely stall
robotic motion. Consequently, it leads to longer Touch com-
pletion times across all severity levels, and even smaller
actions (MP3 and MP5) are affected under the highest
level of communication loss (CLM-3). Delay, on the other
hand, increases the transmission time of each packet from
the surgeon side to the patient side. To maintain accurate
and precise robotic control under delayed feedback, users are
forced to slow down As a result, completion time of overall
transfer and larger motion segments increase substantially.

B. Motion Length

As shown in Fig. 3, increasing severity levels of all
network degradations result in a clear upward trend in
the overall average transfer motion length of the MTMs.
In contrast, the total motion length in robot space shows
no significant variation across packet loss levels relative
to the normal condition (p > 0.05). While overall robot
motion increases under higher delay and communication
loss, smaller MPs contribute minimally.

Moreover, with higher packet and communication loss
rates, the robot and console space motion lengths of overall
transfer diverge further because lost commands force users
to perform additional compensatory movements. Although
loss rates are similar for packet and communication loss
(10%, 30%, 50%), hand movements are larger under
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TABLE II: Mean and standard deviation of Completion Time (s) for single peg transfer and individual MPs under network
degradations across participants (bold values indicate changes exceeding 1.5s in MPs and 5s in the overall transfer from normal; * indicates a

statistically significant difference between the normal condition and each network degradation based on a paired t-test (p < 0.001))

Conditions Transfer MP1 MP2 MP3 MP4 MP5 MP6 MP7 MP8 MPY

Normal 22.1(+5.6) 6.0(+2.1)  1.3(£05)  1.6(£0.4) 5.6(+1.7) 1.3(+£04)  0.9(£03) 0.8(+02)  3.51L1)  1.2(+04)

PLM-1 24.4(+8.3) 7.5(+40)  1.2(£05)  1.9(£09) 6.4(+3.4) 1.3(+£04) 0.9(£03) 0.8(+03) 3716  1.1(403)

PLM-2 26.6(+7.4) 6.9(+2.9)  1.3£07)  1.9(£0.8) 7.9(+3.2) 1.3(+06) 1.0(£04) 09(+03)  4.1(#20)  1.1(403)

PLM-3 36.2%(£10.7)  10.7%(£5.0) 1.3(£0.5)  2.8(£14)  9.8% (37  1.6(£06) 1.3(£06) 1.2(£04) 5.6%(£16)  1.1(x0.2)

DLM-1 27.1(£9.7) 7.0+3.1)  1.2(£04)  1.8(£0.8) 7.4(+4.0) 1.4(+06) 1.0(£04) 1.003) 4518  1.3(405)

DLM-2 34.1%(£6.5)  104%(£39) 1.6(x1.1) 25409  88%(+29)  1.6(£06) 1.2(£04) 1405  61%(£19)  1.6(x£0.6)

DLM-3 47.9%(£129)  14.4%(£54)  2.1(£12)  29(#£14) 129739  2.0(£12) 1.6(£04) 1.9(+£07)  9.1%(£29)  1.7(x0.6)

CLM-1 28.9%(£89)  8.2(x37) 1407  23(%£1.3) 7.6(£3.4) LA4(£08)  1.2(+£04) 1.2(£06)  47(£19)  1.2(x0.6)

CLM-2 47.4%(£110)  13.5%(+£4.8) 1.9(£09) 3.9#22)  14.5%(x49)  1.6(£06) 1407 1.505) 7.3%(£18)  1.5z0.5)

CLM-3 64.3%(£25.4)  17.4%(£84) 2.7(£27) 477 (£2.6) 202°(£104) 2.9(£2.1) 2209 2.3(+£09) 10.2*(£3.1)  2.0(x1.1)

s ey = e existing workspace without re-adjustment.
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Fig. 3: Comparison of the average motion length of the PSMs
and MTMs at the MP level for all participants under varying
levels of packet loss, delay, and communication loss.

communication loss, due to more oscillatory adjustments
by the user. This is because communication loss not only
interrupts intended actions, but also leads the participants to
make small movements to determine whether the communi-
cation has been restored. This effect is particularly evident
in larger MPs, such as MP1, MP4, and MPS.

In contrast, delay preserves all packets but can distort the
operator’s intended control trajectory. Excessive movement
speed under high-delay conditions may cause overshooting,
which accounts for the increased motion length observed in
both the robot and console spaces. Also, console manipu-
lator movements at DLM-3 is shorter than those observed
under the most severe packet loss and communication loss
conditions.

C. Clutch Usage

Table III shows that both packet and communication loss
lead to increased clutch usage across all participant groups.
However, novices are the most affected by higher levels
of communication loss, as indicated by highest increase
in clutch usage for adjustment and re-orientation. On
the other hand, experts demonstrate proficiency in manag-
ing uncertain and extended communication outages through
more stable clutch usage. Additionally, MPs involving larger
movements (MP1 and MP4) require more frequent clutch
use under packet loss and communication loss. However,
smaller MPs show no significant change because their limited
movements can be completed within the surgeon console’s

the six-peg transfer of all participants and each proficiency
group (bold values indicate the highest value within each group and arrows
denote distinct trends relative to the preceding severity level)

Conditions All Novice Intermediate Expert
Normal 9 (+4.4) 14 (£1.7) 8 (£0.8) 4 (£1.0)
PLM-1 9 (£6.9) 13 (£9.7) 10 (£3.3) 4 (x£1.7)
PLM-2 13 (£6.6) 16 (£5.0) 16 (£6.3) 6 (£23)
PLM-3 23 (£142) 36 (£16.9) 22 (+5.3) 12 (£1.3)
DLM-1 8 (£5.3) 14 (£3.7) 8 (£3.7) 3 (£1.0)
DLM-2 10 (£5.3) 15 (+6.1) 9 (£2.1) 6 (+2.2)
DLM-3 11 (+5.6) 17 (+4.6) 9 (£23) 6 (+£2.0)
CLM-1 10 (£5.9) 17 (£4.4) 9 (£3.9) 5 (£1.3)
CLM-2 20 (£9.3) 29 (£10.0) 17 (£4.5) 15 (+£5.4) 1
CLM-3 25 (£17.0) 44 (£15.6) b 18 (£5.2) 12 (£2.9) |

D. Errors and Failures

Table IV shows that degraded network QoS generally
leads to more errors and a lower task success rates. The
success rate deteriorates under all network conditions, with
severe delay (DLM-3) causing the largest drop (around 9%).
Communication loss at a 30% average rate (CLM-2) also
has a substantial impact; its frequent but brief loss windows
make it highly unpredictable, making it difficult for users
to plan movements effectively and leading to more mistakes
(see subsection IV-B). Most failures resulted from dropping
the peg on the board in an unrecoverable position (Failure
Mode 1), with only four instances of placing the peg on the
wrong pole (Failure Mode 3).

Analyzing specific error types provides deeper insights
into RQ2. The number of multiple attempts errors corre-
lates with increasing levels of packet loss and delay. The
unpredictable nature of CLM-2 also contributes to a large
share of these errors. These errors are most common in
MPs involving touching and grasping (MP1, MP4, MP5),
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TABLE IV: Success Rate, Error Counts, and Failure Counts.
Error Modes: (1) Multiple Attempts; (2) Object Drop; (3)
Collision; (4) Out of View; Failure Modes: (1) On-Board
Drop; (2) Off-Board Drop; (3) Incorrect Placement (rows for

the most error-prone network degradation levels are in bold)

Conditions ~ Success Rate Error Counts Failure Counts
(%) (O] 2) (3) 4) [e)) (2) (3)
Normal-1 100.0 (90/90) 8 3 0 0 0 0 0
Normal-2 100.0 (90/90) 9 6 3 0 0 0 0
Normal-3 98.8 (86/87) 4 6 2 0 1 0 0
PLM-1 93.2 (82/88) 11 12 5 0 6 0 0
PLM-2 97.8 (88/90) 15 5 7 0 1 1 0
PLM-3 95.5 (85/89) 17 11 6 0 4 0 0
DLM-1 95.6 (86/90) 6 8 6 0 3 1 0
DLM-2 92.2 (83/90) 13 18 14 2 4 1 2
DLM-3 92.2 (83/90) 37 12 26 0 5 0 2
CLM-1 100.0 (90/90) 5 9 3 0 0 0 0
CLM-2 95.5 (85/89) 26 21 20 0 4 0 0
CLM-3 97.7 (87/89) 13 11 13 0 2 0 0

Most Susceptible MPs MP1  MP3 & MP4 MP4 MP7 MP4 MP8 MP4

indicating that network degradations make precise ma-
nipulation more challenging. Object drops primarily occur
during MP3 (Untouching the peg) and MP4 (Touching for
exchange), which often involve faster and preciser move-
ments. Consequently, lower and medium levels of network
degradations are more likely to cause drops, as users tend to
move more cautiously under severe conditions. Around 70 %
collisions occur during MP4, when the instruments are
closest. Jerky, overshoot-prone movements under high
delay and unpredictable motions during communication
loss are the primary causes. Finally, an out of view error
occurred only under delay, caused by a large overshoot
during an untouch MP.

Errors and failures were further analyzed by proficiency
group. With the exception of a single intermediate participant
who experienced three drop failures under PLM-1, novices
were significantly more prone to errors than experts and
intermediates as network degradation severity increased,
particularly in multiple attempts and collision errors.

E. Perceived Task Load

Users rated our teleoperation system with an aggregate
SUS score of 87.5/100, indicating excellent performance and
helping to isolate the effects of network degradations from
system shortcomings. The NASA-TLX results (Fig. 4) reveal
how degradations affect subjective experience (RQ3). We
observed a clear correlation between objective performance
and perceived workload measurements. Delay and Commu-
nication Loss, which increased completion times, were also
linked to higher Frustration, Effort, and Physical Demand.

To investigate the relationship between objective perfor-
mance and subjective workload, we performed a Pearson
correlation analysis between kinematic metrics and NASA-
TLX dimensions. Statistical analysis revealed that comple-
tion time is significantly correlated with Physical Demand
(r = 0.38,p < 0.01), Frustration (r = 0.37,p < 0.01), and
Mental Demand (r = 0.36,p < 0.01), indicating that longer
task durations under network degradation directly increase
perceived strain. Subjective Performance scores were neg-
atively correlated with both Error Count (r = —0.40,p <
0.01) and Motion Length (r = —0.38,p < 0.01), showing
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Fig. 4: TLX Perceived Task Load across all participants

Frustration

that operators were acutely aware of reduced efficiency and
precision. Furthermore, Physical Demand positively corre-
lated with Clutch Usage (r = 0.34, p < 0.01), reflecting the
increased effort required for frequent spatial re-adjustments.

VI. CONCLUSIONS

This paper presented a systematic investigation into the
effects of network QoS degradations on telesurgery through
a comprehensive user study using a novel, model-based fault
injection framework and an open-source simulation platform.
Our findings demonstrate that not all network degradations
are equal. Communication loss and severe delay dispropor-
tionately degrade task performance, increase error rates, and
heighten operator workload compared to even significant
levels of packet loss. Decomposing surgical tasks into MPs
allowed us to identify specific sub-tasks that are acutely
sensitive to network instability. These granular insights could
help design of context-aware autonomy to assist operators
during vulnerable segments of a procedure.

However, our study is primarily limited by its use of
non-expert participants and a simulated, rigid-body task that
lacks haptic feedback and the complexities of soft-tissue
manipulation. Future work will address these limitations by
validating our findings with experienced surgeons in more
realistic and complex scenarios. We also plan to incorporate
dynamic network factors, including jitter, bandwidth vari-
ability, and video distortions, to more accurately model real-
world telesurgical environments. The telesurgical simulation
framework, tools, and dataset resulted from this work provide
a critical foundation for advancing research on the reliability,
safety, and autonomy of telesurgery, particularly rigorous
development and testing of intelligent mitigation strategies.
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