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Abstract— Before the world-wide deployment of autonomous
vehicles, it is essential to implement intermediate solutions
with partial autonomy. One such solution is the use of vehicle
teleoperation, the act of controlling a vehicle from a distance.
In real time applications of teleoperation, it is often pertinent
to use augmented reality components within the teleoperator
view, which are referred to as a predictive display. In this
work, we evaluate our predictive display method, which is a
guiding path based on the free space in the environment. The
path is generated based on our Dual Transformer Network
(DTNet), which uses both object detection and lane semantic
segmentation to define the free space in the environment. While
the model has previously performed well on image data, it is
necessary to observe its accuracy in the presence of time delay
and packet loss, to assess its performance in a real-time setting.
Thus, in this work, we use CARLA simulator to compare the
detected free space on the teleoperator side to the true free
space on the vehicle side across different values of time delay
and packet loss. Under optimal network conditions, our model
yielded a remarkable 87.9% DSC score and 81.3% IoU score.
Defining our minimum performance threshold as 80% DSC and
70% IoU, we conclude that our model can effectively mitigate
the challenges of time delay below 100ms and packet loss below
1%, both of which represent substantial tolerances.

I. INTRODUCTION

In recent years, many applications have risen for tele-
operation, the control of robots remotely. In autonomous
vehicles, teleoperation has emerged as a stepping stone
towards full autonomy. Namely, it satisfies the availability of
a human operator on standby without requiring their presence
inside the vehicle. However, a major concern in teleoperation
systems is the presence of time delay, meaning the video feed
received by the teleoperator does not accurately represent the
state of the environment at the present moment. To mitigate
this, we propose the use of a predictive display, which
superimposes guiding visuals on the delayed video feed.
Our Dual Transformer Network (DTNet) is composed of an
object detection module and a lane semantic segmentation
module, the results of which are combined to define the
free space in the environment. However, due to the dynamic
nature of the road environment, the free space detected in
the teleoperator-side video may not be consistent with the
actual free space on the vehicle side. In this work, we use
CARLA simulator to compare the free space on either side
across different values of time delay and packet loss.
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II. STATE OF THE ART

There are two main approaches for mitigating time delay
in teleoperation: supervisory control, where the aim is to
introduce some level of autonomy so that the robot can
correct the inaccurate commands of the teleoperator, and
direct teleoperation, where the aim is to provide enhanced
information to the teleoperator to improve driving accuracy.
Supervisory control allows the vehicle to operate semi-
autonomously while still bound by the teleoperator’s high-
level instructions. For instance, Schitz et al. proposed the use
of a “corridor” method, whereby the vehicle traverses semi-
autonomously within the guidelines of a corridor defined by
the teleoperator [1]. Several other applications utilize path
planning as a basis for supervisory control [2], [3]. Another
application involves modifying teleoperator commands to
mitigate the time delay. For instance, Prakash et al. opted
for sending reference poses to the vehicle rather than indi-
vidual steering commands, so as to more efficiently convey
commands across the delay [4].

Direct teleoperation, in contrast, mitigates time delay by
providing enhancements to the information provided to the
teleoperator. This can come in many forms; for instance,
Chen et al. employed the use of force feedback as a guide
to the teleoperator, to provide real-time force perception to
the teleoperator [5]. Additionally, a popular approach is the
use of visual guides to augment the delayed video feed. For
instance, Liu et al. used virtual fixtures as a guiding display
for space applications, which highlighted the obstacle-free
regions in the teleoperator’s view [6]. Another approach by
Graf et al. involved the use of steering and curvature to
calculate and display the accurate position of the vehicle
superimposed on the video feed [7]. To account for the
dynamic environment, Schitz et al. proposed a path-planning
algorithm composed of two components: a global algorithm
for detecting all feasible paths, and a local algorithm for
optimizing whichever path the teleoperator chooses to pursue
[2].

Further, our model defines the free space in the environ-
ment using lane semantic segmentation and object detection,
both of which utilize a swin transformer backbone [8].
Semantic segmentation of road parts, including lanes and
road lines, is a prevalent area for autonomous vehicles [9],
[10]. Some applications focus on reducing computational
complexity for real-time deployment, such as by processing
rows rather than individual pixels [11]. On the other hand,
whereas object detection is less computationally expensive,
it requires increasing the precision of bounding boxes to

12189



yield reliable results. As compared to convolutional neu-
ral networks (CNNs), transformers have shown significant
improvements in recent years [8], [12]. Specifically, swin
transformers have shown a higher precision than YOLOv4
and YOLOx [13].

Our proposed predictive display leverages a collision-free
path as a visual guide to the teleoperator. The model contains
an object detection module and lane semantic segmentation
module, the results of which are combined to form the free
space mask by which the path is generated. In previous
work, the proposed model was shown to surpass state-of-the
art methods in both regards [14]. In this work, we expand
upon this by testing the model in a simulated teleoperation
environment under the effects of time delay and packet loss.

III. METHODOLOGY

Our predictive display is composed of a collision-free
path used as a visual guide. We aim to define the range
of network conditions within which our predictive display
functions robustly and effectively. The upcoming sections
discuss our methodology in further detail.

A. Experimental Setup

In order to observe the performance of our model across
a variety of network conditions, we use CARLA simulator,
an open-source framework for autonomous vehicle research
[15]. Further, we utilize the teleoperation extension for
CARLA, TELECARLA [16].

Figure 1 summarizes the components provided by CARLA
simulator, those added by TELECARLA, and our pro-
posed components. TELECARLA utilizes the client-server
architecture provided by CARLA to simulate teleoperation,
namely concerning the driving controls and the video feed.
The CARLA-ROS bridge is used to structure these com-
ponents as ROS nodes communicating with each other, as
though across a network. For instance, the video feed is
streamed from a ROS node on the server side to another node
on the client side, via GStreamer software. The GStreamer
parameters are configured and adjusted according to the
requirements of the experiment. Likewise, a pair of nodes
utilizing RPC protocol are used to communicate the teleop-
erator controls.

Our proposed additions to the TELECARLA architecture
are shown in purple in figure 1. On the client side, we add the
collision-free path node. The collision-free path is generated
based on the free space in the environment, which is based on
the received frame on the GStreamer client. We implement
our model on the teleoperator end. This aids in identifying
the extent of the processing delay more definitively. We also
visualize the original feed captured by the vehicle camera on
the server end; the frames captured by this display are used
as ground-truth for the evaluation.

To evaluate the predictive display, we use the tools pro-
vided by linux traffic control network emulator, tc-netem.
Namely, we evaluate across different values of both commu-
nication delay and packet loss. Across different delay values,
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Server Side Client Side

Fig. 1. Experimental setup for the simulation environment using CARLA
simulator. The simulator architecture is based on a client-server model.
Components shown in orange are provided by CARLA simulator. Com-
ponents shown in yellow are provided by the TELECARLA extension.
Finally, we propose the components shown in purple to further enhance
the teleoperation system.

we observe how accurate the predicted mask is to the vehicle-
side mask. With regards to packet loss, we observe the range
of packet loss added to the image within which the model
is successfully able to recognize the road.

B. Dual Transformer Network (DTNet)

The free space mask used to generate the collision-free
path is obtained through the two modules of DTNet, which
is shown in figure 2. The refined free space is the area which
is part of the segmented ego lane and does not intersect with
any obstacles. Using center point extraction, the collision-
free path is defined within this free space.

Both detection and segmentation modules leverage the
swin transformer, a hierarchical vision model based on the
vision transformer (ViT) [17]. The swin transformer im-
proves upon ViT by using a shifted-window multi-head self-
attention (SW-MSA), which yields the aggregated attended
features in each patch by computing the attention scores of
each shifted window. The swin transformer also contains
an optional token merging step after a certain number of
blocks, which enhances global context understanding. The
next sections describe the model components in more detail.

1) Token and Positional Embeddings: The input image
is embedded by the model as both token and positional
embeddings. The image is first divided into patches, each
of which is represented as a token. Each patch is then
embedded into d-dimensional embedding space. We also
include 2D positional embeddings to preserve relative spatial
information. The positional embedding P(7) and the token
embedding T'(X;) are combined for each path z;, to yield
the final embedding F;, as shown:

By =T(x;) + P(i), (D

2) Shifted Window Mechanism: By using the shifted
window mechanism, the network can combine the local
context effectively. This is because the mechanism allows
a patch to attend to a certain number of neighbour patches
in a window. Equations 2 and 3 show how the learnable
projection matrices, Wy, Wy, and W,,, are used to compute
the attention.
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Fig. 2. The Dual Transformer Network, DTNet. The model is composed of a detection module and a segmentation module, each of which utilize a swin-s
transformer backbone. The results of these modules are combined to form the free space mask, based on which the collision-free path is generated.

MSA(E;, Ej) = SM((Ei W)+ (Ej x Wi)"//(dy)),
2

MSAoutput(Ei) = Z(MSA(EZ, Ej) * (Ej * Wv))7
3)

3) Hierarchical Stages: The swin-s backbone, which is
utilized by both detection and segmentation modules, is
composed of four hierarchical stages. Each hierarchical stage
contains a stack of swin blocks 2, 2, 18, and 2. The input
patches first undergo layer normalization (LN) to increase
stability during training. Next, each block utilizes the shifted
window mechanism and the feed-forward network (FFN).
The outputs of one stage are used as inputs to the next,
enabling the model to effectively capture both local and
global features.

4) Segmentation Module: The segmentation module in
DTNet utilizes a mask head, containing a convolutional layer
and upsampling layer. Within the mask head, each pixel in
the image is classified into one of three classes: ego lane,
alternate lane, and background.

5) Detection Module: The detection module serves to
both localize bounding boxes for the detected objects and
to label them accordingly. Thus, the module contains a class
head, used to predict labels of the detected objects, as well as
a box head to regress the bounding boxes of each object. This
module also employs the use of anchor boxes of different
aspect ratios, so as to account for the variety in object
sizes. Finally, non-maximum suppression (NMS) is used to
remove duplicated and low-confidence predictions, ensuring
the quality and confidence of the remaining predictions.

6) Free Space Refinement: To obtain the refined free
space mask, we combine the output of both detection and
segmentation modules. Any overlapping areas between the
ego lane mask and the detected objects will be eliminated,
resulting in a refined free space mask of the drivable,
obstacle-free road space.

C. Collision-Free Path

1) Center Line Extraction and Smoothing: The collision-
free path is generated based on the center points of the
road mask. The y-axis center points are extracted in a row-
wise manner, as shown in equation 4, where C'P, is the

y-coordinate of the center point of the given row, N is the
number of columns in the mask, y; is the y-coordinate of
the i-th pixel in the given row, and Mask; denotes whether
i-th pixel belongs to the free space.

SN i * Mask;

CP, =
Y YN Mask;

“)
It is necessary to distinguish that all center points lie within
the free space mask, even in the presence of disjoint free
space segments. This is due to the nature of defining the
middle pixel of a row exclusively within the free space
columns of that row, as shown in figure 3.

Fig. 3. Visualization of center point extraction. Note that in the top row
(highlighted in green), the only columns considered are those belonging to
the segmentation mask. As such, the algorithm accounts for non-continuous
segments. in this example, the pixel in column 4 is the center point of the
Tow.

Next, we reduce noise by eliminating outlier points,
which we define as points exceeding a certain Euclidean
distance threshold from adjacent points. Mathematically, the
Euclidean distance (FE;) between two points (x;,y;) and
(xj,y;) is as follows:

Balinf) =/ — 22 + (wy — )2 )

The remaining points are then connected. To address
jitters and irregularities along the connected path, we employ
smoothing via the moving average. given P as the set of
connected center points, the smoothed path P4 is defined
by:

1 _..
Para(i) = 555 P, (6)
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Wherein Py 4(4) is the i-th point in the path PbW is the
size of the smoothing window, and N is the number of points
in the smoothing window. Additionally, for video and real-
time applications, we include averaging over previous frames
to further enhance the smoothing, which created an elegant
and robust display for the teleoperator.

Finally, to provide a more intuitive user experience, we
incorporate curvature adjustment, which adjusts the center
points based on the current angle of the steering wheel. Note
that, since each point corresponds to a row, the y-values
remain unchanged. The x-values for each point are updated
as shown in equation 7, where « is the updated x-value, x;
is the original x-value, y; is the y-value of the point, yg is the
y-value of the lowermost point in the image, 6 is the steering
angle, and s is a constant denoting sensitivity. Note that the
use of y; — yo ensures that the curvature is increasing as the
distance from the vehicle increases.

ai =i+ (yi — yo) - sin(0) @)

2) TELECARLA Implementation: To evaluate the
collision-free path under different network conditions, we
observe its accuracy in the TELECARLA environment.
The path is generated based on the free space in the
environment. The accuracy of the free space relies on
the similarity between the predicted mask and ground
truth mask. However, with the presence of time delay,
the accuracy also depends on the similarity between the
server-end frame and client-end frame; if delay is high,
there is a notable difference even between the ground truth
masks, as shown in figure 4.

For evaluation, we obtain the road mask on the vehicle
end. To extract this mask, we utilize the CARLA semantic
segmentation camera, which segments the view into several
classes, including road and road line. When packet loss is
added, the use of GStreamer to simulate video streaming
introduces some pixelation and distortion to the frame on the
teleoperator side, the extent of which relies on the GStreamer
network configuration and added packet loss values. We thus
evaluate the accuracy of the teleoperator-side road mask
across a variety of network conditions, using the server-end
road mask as ground truth.

Further, the semantic segmentation camera provides the
full road mask, whereas our model segments the ego and
alternate lanes separately. To address this, we use a combined
free space mask for evaluation, containing both ego and
alternate lanes. An example of ground-truth and predicted
masks is shown in figure 4.

We evaluate our model across different values of added
time delay, namely 50ms, 100ms, and 150ms. To account for
the delay’s effect on controls and, consequently the vehicle
speed, we eliminate the use of throttle input. Instead, we
manually set the acceleration value such that the speed of
the vehicle is capped at 30 m/s and increasing otherwise,
meaning the vehicle is at an approximate speed of 30
m/s during the experiment. For packet loss, we test values
between 1-5%, observing the accuracy of the model in the

(a) (b)

Fig. 4. Camera view and its corresponding ground truth road mask at two
different points in time. With a high enough delay and vehicle speed, the
teleoperator view may display frame (a) while the actual vehicle position is
at frame (b). Regardless of accuracy to the ground truth of frame (a), the
generated road mask will not be fully accurate to the mask at frame (b).

presence of pixelation and distortion. However, we maintain
the use of manual steering. We evaluate in both the absence
and presence of traffic. For the latter, we deploy 93 moving
vehicles and pedestrians across the map of Town 1, utilizing
the“generate traffic” python API provided by CARLA.

IV. RESULTS

In this section, we observe the quantitative and qualitative
results of implementing DTNet on the TELECARLA frame-
work. We begin by observing the model’s qualitative perfor-
mance under different delay and packet loss values where the
vehicle is moving at approximately 30 m/s. Next, we proceed
to the quantitative evaluation, first discussing the general
performance with no added communication challenges, in
comparison to the model’s previous performance on image
datasets, followed by introducing time delay and packet loss
in both the absence and presence of traffic.

A. Qualitative Results

In this section, we discuss the visual results of imple-
menting DTNet on TELECARLA, as well as the qualitative
implications of added time delay and packet loss. Using
TELECARLA, we implement DTNet on the teleoperator-end
RGB image, and define the ground truth as the vehicle-end
mask extracted from the semantic segmentation image. We
combine the ego lane and alternate lane masks provided by
the DTNet free-space mask to yield the whole road mask,
which is shown in the sections below.

1) Addition of Time Delay: We observe the results of
adding 50ms, 100ms, and 150ms of time delay using linux
traffic control (tc-netem). Figure 5 shows two examples of
150ms added time delay. As is evident in example (I),
even for a high delay value as 150ms, there is not much
discrepancy between the two masks when the vehicle is
travelling along a straight road, as consecutive frames are
very similar. On the other hand, as shown in example (II),
rapid changes in consecutive frames affect the predicted
mask when delay is present, such as when an intersection
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appears in the ground-truth mask but does not yet appear in
the delayed predicted mask.

(a) (b) (c) (e}

Fig. 5. Two examples of 150ms time delay, where (a) shows the vehicle-end
RGB camera view, (b) shows the corresponding ground-truth segmentation,
(c) shows the free space mask predicted by DTNet on the teleoperator
end, and (d) shows the resultant path. Example (I) shows the model’s
performance on a straight road, while example (II) shows an intersection.

2) Addition of Packet Loss: Similarly, packet loss be-
tween 1% - 5% was added using linux traffic control. As
shown in figure 6, the addition of packet loss introduced
some distortion and pixelation in the teleoperator-side image,
which introduced some difficulty in detecting the free space
depending on the extent of the distortion. Further, packet loss
caused some frames to be lost entirely, resulting in similar
implications as those of time delay. As shown in the figure,
our model was able to detect the road free space in the image
relatively well in the presence of visual distortions. When

(a) (b)

() (d

Fig. 6. Two examples of 5% packet loss, where (a) shows the vehicle-end
RGB camera view, (b) shows the corresponding ground-truth segmentation,
(c) shows the free space mask predicted by DTNet on the teleoperator end,
and (d) shows the resultant path.

driving along a straight road, free space masks can appear
very similar across time. Due to this, our model can yield
high accuracy values, even when the discrepancy between
driver-side and vehicle-side frames is large. To address this,
we introduce traffic to the simulation. Figure 7 shows an
example of how packet loss can cause erroneous perception
in the presence of traffic.

B. Quantitative Results

In this section, we observe the accuracy of DTNet in
TELECARLA by computing DSC and IoU. We begin by
comparing the accuracy to that of image datasets, then

No Traffic With Traffic

Server Client Server Client

Fig. 7. Examples comparing 5% packet loss in the absence and presence of
traffic. The server-side masks are ground truth, while the client-side masks
are generated by DTNet. As shown, the presence of traffic causes a much
more dynamic environment, increasing the likelihood of inaccuracies in
detecting the free space correctly. This example shows our model detecting

a vehicle and eliminating it from the free space mask, whereas the server
side shows that the vehicle is no longer in view.

proceed to evaluating accuracy across different values of time
delay and packet loss.

1) Free Space Refinement: Our model, DTNet, was
trained on the BDD100k dataset. Table I showcases the
intersection over union (IoU) semantic segmentation results
for testing on the BDD100k dataset, the unseen KITTI
dataset, and within the TELECARLA simulation environ-
ment. We consider the mean IoU, which is across both
ego and alternate lanes. Remarkably, the performance on
TELECARLA exceeds that on the unseen dataset by a large
margin, demonstrating our model’s efficacy in detecting free
space within the simulation environment.

TABLE I
COMPARISON OF IoU VALUES WHEN TESTING DTNET.

Data ‘ IoU
BDD100k Dataset [18] 83.9%
KITTI Dataset [19] 54.9%
TELECARLA 81.3%

2) Addition of Time Delay: The quantitative results for
added time delay of 50ms, 100ms, and 150ms are shown in
table II, namely the Dice Coefficient (DSC) and intersection
over union (IoU). As shown, the values are similar for all
the presented delay values in the absence of traffic; since
experiments were run by manual steering, the majority of
data involved similar masks of straight roads. On the other
hand, in the presence of traffic, a drop in both DSC and
IoU is evident for higher values of time delay. In order to
maintain DSC and IoU values of 80% and 70%, respectively,
the time delay of the system must be under 100ms.

3) Addition of Packet Loss: Finally, we present the quanti-
tative results for the addition of packet loss, which are shown
in table III. Similarly to the delay results, the added packet
loss causes little change in DSC and IoU in the absence
of traffic. This showcases our model’s ability to accurately
identify the road free space when visual distortions are
present. However, as mentioned previously, packet loss can
involve loss of entire frames, causing a “lagging” appearance
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TABLE I
COMPARISON OF DSC AND IOU ACROSS DIFFERENT DELAY VALUES
WITH AND WITHOUT TRAFFIC.

No Traffic With Traffic
Delay
DSC ToU DSC ToU
No Added Delay | 87.9% 813% | 87.0% 78.2%
50ms 859% 77.7% | 81.7%  73.2%
100ms 85.5% 77.8% | 74.8%  68.3%
150ms 86.0% 783% | 711.9% 64.1%

to the video feed. In this regard, we can see the rapid decline
of accuracy in the presence of traffic as packet loss increases.
Maintaining our earlier permissible thresholds of 80% DSC
and 70% IoU, we can state that pixel loss under 1% is
permissible.

TABLE III
COMPARISON OF DSC AND IOU ACROSS DIFFERENT PACKET LOSS
VALUES WITH AND WITHOUT TRAFFIC.

Packet Loss No Traffic With Traffic
DSC ToU DSC ToU

No Packet Loss | 87.9% 81.3% | 87.0% 78.2%

0.5% 859% 774% | 819%  73.0%

1% 84.6% T47% | 783% 67.1%

2% 843% 739% | 783% 67.0%

3% 86.0% 76.5% | 77.8%  66.8%

5% 853% 754% | 74.5%  66.3%

V. CONCLUSION

A major challenge in real-time teleoperated driving is the
presence of time delay, meaning the teleoperator view is
not up-to-date. One approach to mitigate this is the use
of a predictive display, which provides guiding visuals to
provide a more accurate view of the environment. In this
work, we test our predictive display, the collision-free path,
using CARLA simulator. We observe the accuracy of our
predicted free space with respect to different values of added
delay and packet loss. When no traffic is present, our model
shows similar results across different network conditions.
On the other hand, introducing traffic to the environment
causes a decrease in model accuracy as we increase the time
delay or packet loss. Thus, we claim that the relevance of
studying these conditions is in the dynamic road conditions.
In other words, even when the network inconsistencies
are small, moving obstacles in the environment can cause
significant discrepancies. We define our threshold as follows:
communication delay must be below 100ms, and packet loss
must be below 1%. Both thresholds are reasonable for vehicle
teleoperation, as advancements in streaming and network
capabilities are able to support these requirements. While
this work examined how network conditions can objectively
affect the video feed, future work will assess usability with
a teleoperator in real time.
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