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Adaptive Computation Partitioning and Offloading in
Real-Time Sustainable Vehicular Edge Computing

Yu-Jen Ku

Abstract—In this paper, we explore the feasibility of solar-
powered road-side unit (SRSU)-assisted vehicular edge computing
(VEC) system, where SRSU is equipped with small cell base station
(SBS) and VEC server, both of which are powered solely by solar
energy. However, the limited capacity of solar energy, VEC server’s
computing, and SBS’s bandwidth resources may prohibit vehicle
users (VUs) from offloading their vehicular applications to VEC
server for better service quality. We address this challenge by
dynamically determining vehicular task partitioning and offload-
ing, VEC server’s system configuration, and vehicular application
level adjustment decisions. We aim at minimizing the end-to-end
delay of vehicular applications while maximizing their application
level performance (e.g., accuracy). We also implement an object
detection vehicular application on an edge computing platform
and measure the corresponding energy consumption, computation
delay, and detection accuracy performance to establish empirical
models for the SRSU-assisted VEC system. We then propose a
dynamic programming-based heuristic algorithm which jointly
makes the task partitioning and offloading, as well as system and
application-level adaption decisions in real-time. We build a simu-
lation framework with the above empirical models to evaluate the
proposed algorithm. The simulation results show that our proposed
approach can significantly reduce the end-to-end delay while max-
imizing the detection accuracy compared to existing techniques.

Index Terms—Vehicular applications, edge computing, task
partitioning, task offloading, split computing, renewable energy,
solar power, road side unit.

1. INTRODUCTION

HE rapid advancement in vehicular technology in recent
T years has enabled the modern vehicles to be equipped
with a wide range of vehicular applications, many of which are
based on compute-intensive machine learning based algorithms.
The vehicular local computing (VLC) units often cannot satisty
the computing demands of such applications, due to limited
computing resources, or contention with other applications. A
promising solution to resolve this problem is using the emerging
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new generation of Road-side Units (RSUs), consisting of a
small cell base station (SBS) and a vehicular edge computing
(VEC) [1], [2] server. The VEC servers being one hop wireless
distance away from the Vehicle Users (VUs), provide much
lower communication delay compared to using conventional
cloud computing resources, or even mobile edge computing
units in wireless networks. VEC servers, although inferior to
cloud or mobile edge computing servers, have more computing
capabilities than individual VLC resources in most vehicles. By
VUs offloading the compute-intensive vehicular applications
like object detection to RSUs, VUs can receive better service
quality and improve driving experience.

However, transportation systems need dense deployment of
RSUs, especially in urban areas, to support the high density of
VUs. The dense deployment will significantly increase the cel-
lular networks’ energy consumption, thus worsening the carbon
footprint. Recent studies have projected 110 million tons of car-
bon dioxide equivalent (CO,.) emitted by the operation of base
stations in global cellular networks in 2030 [3], [4]. Therefore,
the future dense RSUs should be deployed without increasing
the cellular network’s greenhouse gas emission burden. In our
previous work [5], we proposed the use of Solar-powered RSU
(SRSU), which consists of SBS, VEC server, and a self-sustained
solar energy system. Note that in an SRSU, the generated solar
energy is limited and fluctuating. If solar energy cannot meet
the SRSU’s power demand, the SRSU will need to reduce its
computing and communication loads by preventing some of the
VUs from offloading their applications to the VEC server.

In this work, we assume that each VU has a VLC node which
can be supplemented with VEC resource to execute the VU’s
application. To efficiently utilize the computation resources of
VLC node and VEC server, we consider a dynamic offloading
scenario, where different subtasks of an application can be cho-
sen to be either executed locally at the VLC node, or offloaded to
a VEC server. The dynamic offloading decisions will depend on
current computing, communication, and energy resources of the
serving SRSU, as well as the VLC node capacity and channel
condition for each VU.

In our previous work [5], we aimed at minimizing the disrup-
tion of vehicular applications due to the limited solar energy
supply in real-time by optimally partitioning and executing
the application tasks to either VLC nodes or VEC servers.
The vehicular application is considered as disrupted when its
delay requirement cannot be satisfied. However, the proposed
method does not consider the potential latency improvement
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under an energy constraint by dynamically changing the sys-
tem configuration of the VEC server. In one of our recent
studies [6], we showed the average computation delay can
be further optimized satisfying a given energy constraint by
appropriately configuring the CPU and GPU frequencies of the
VEC server. Additionally, the proposed offloading method in [5]
does not consider the potential delay improvement achievable
by adapting application-level performance parameters. For ex-
ample, machine vision based vehicular applications can lower
their processed image quality for reducing the size of the data for
offloading to further minimize the transmission delay, however,
with possible impact on application-level performance, such as
object detection accuracy.

In this paper, given the current channel condition and VLC
node capacity of each VU, as well as the current computing,
communication and energy resources of the SRSU, we aim at
minimizing the end-to-end delay of the vehicular application
and maximizing the application’s performance. We propose
to dynamically determine the task partitioning and offloading,
VEC server’s system configuration, and VUs’ application-level
performance adaptions. The decisions are calculated in real-time
to accommodate the rapidly changing locations and channel
conditions of the VUs. To show in real-world the benefit of
our proposed method, we consider a vehicular object detection
application, which is an essential building block for various com-
plex vehicular applications such as Advanced driver-assistance
systems (ADAS), path planning, and navigation. We implement
the object detection application using SSD-MobileNetV2 [7]
on an edge computing platform Nvidia Jetson TX2 Board [8].
With extensive experiments, we establish empirical energy
consumption, end-to-end delay, and detection accuracy mod-
els, which are used in simulation-based evaluations for the
proposed method. The simulation results show that our pro-
posed approach can significantly reduce the end-to-end delay
while maximizing the detection accuracy compared to existing
strategies.

The main contributions of this work are summarized below.

1) To the best of our knowledge, this is the first work to
optimize delay and accuracy performance of a vehicular
object detection application for the SRSU-assisted VEC
system using task partitioning and offloading, as well as
joint system and application-level adaptations.

2) Specifically, we develop a technique which determines in
real-time the optimal VEC server’s hardware configura-
tion, image quality for detection, and task partitioning and
offloading decisions for an SRSU-assisted VEC system.

3) Using areal-world edge computing platform, we establish
empirical models of the energy consumption, computing
capacity, end-to-end delay, and accuracy for an SRSU-
assisted VEC system.

4) To demonstrate the effectiveness of the proposed tech-
nique, we develop a simulation framework consisting
of real-world solar generation, urban traffic traces, and
the above empirical models. The simulation results show
that the proposed approach significantly improves the
end-to-end delay and accuracy compared to existing
techniques.
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II. RELATED WORK

There have been many studies on computation task offloading
for vehicular edge computing [9]-[12]. These studies focus on
task offloading strategies which leverage computing resources
at the edge to minimize the task completion delay [9], [11], [12],
while maximizing the edge computing resource utilization [10]
or the number of offloaded tasks [9]. Their approaches address
the challenges in highly varying bandwidths under the constraint
on computation delay [11] or vehicle’s energy consumption [12]
for real-time applications. However, these techniques do not
study the trade-off between leveraging VLC node and VEC
server, and hence can not be used for task partitioning according
to the computing capacities of both VLC node and VEC server.
Since in our considered scenario, both the capacities of VLC
node and VEC server are limited, these resources need to be
carefully allocated to computation tasks to achieve real-time
computation delay.

To facilitate computation capacity-aware task offloading, [13]
proposed a learning-based task partitioning and scheduling al-
gorithm which partitions and assigns subtasks among multiple
VEC servers to minimize the completion delay and handover-
induced service disruption. The technique requires data ex-
change between multiple RSUs, which will cause prohibitively
large communication delay when applied to our high-data vol-
ume vehicular perception applications. [14]-[16], on the other
hand, study the optimal computation task partitioning between
VEC server and VLC node by proposing joint task partition-
ing and offloading as well as SBS communication and VEC
server computation resource allocation methods. Among these
studies, [14] and [15] aim at minimizing the system cost in
terms of utilized communication and computation resources,
under delay constraints while [16] jointly minimizing the task
execution delay and the utilized VEC server’s computing re-
sources. However, the partitioning techniques proposed in these
studies cannot be applied to subtasks with task dependencies as
they assume the computation tasks can be arbitrary partitioned,
offloaded, and executed in parallel.

To consider task dependency during partitioning and offload-
ing, [17], [18] divide the sequential convolution layers of a
Deep Neural Network (DNN) into several independent subtasks.
These subtasks can be executed in parallel on multiple edge
nodes to minimize task completion time [17] or the utilized
edge server memory [ 18] as well as the communication overhead
for task offloading. However, the proposed parallel partitioning
techniques cannot leverage the potential reduction of communi-
cation delay with sequential partitioning. On the other hand, [19]
and [20] enable local devices to early stop a DNN and offload
the result to edge server. The edge server can choose to adopt
the result or further execute the rest layers of the DNN. [19]
aims at minimizing the execution delay and [20] aims at mini-
mizing the utilized communication and computing resources on
local and edge devices while maximizing the object detection
results transmitted to the edge server under communication
resource constraint. [21] proposes a real-time task partitioning
and bandwidth allocation strategy to maximize the throughput
(i.e. the number of processed data per second) using limited edge
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TABLE I
SUMMARY OF KEY NOTATIONS AND ABBREVIATIONS

Notation Description Notation Description
T the duration of current time slot T current VU set
b the SRSU for study 3 the index of VU
_ the current SNR of uplink transmission from VU .
Nbi i 1o SRSU b 1 total number of VUs in the VU set
Thi uplink transmission rate from VU i to SRSU b W; bandwidth allocated by SBS b to VU ¢
K subtask set for the vehicular application Wk,q,i mnput dgta size of subtask k of VU ¢ using
o application parameter g
k index of the subtask Wkt 1).gi the output data size of subtask k of VU ¢ using
D application parameter g

‘ . v transmission delay for transmiting the required
Ty.i computation delay of subtask k Tiai data for offloading
d; end-to-end delay of VU ¢ a; accuracy of the vehicular application of VU 17
QoS; QoS utility of VU 1% Er Energy consumption of the SRSU
Eg Energy consumption of the VEC server Ep Energy consumption of the SBS
E. ]SEl;lI:tl;‘gs)lf(sconsumed for executing the offloaded By the current available amount of solar energy
cli CPU-GPU configuration of VLC node of VU 1 Ce CPU-GPU configuration of the VEC server
Yi offloading strategy of VU 1 qi compression level of Vu 7

the set of available compression levels for VU C the set of available CPU-GPU configurations for
the VEC server

h number of VUs using Full Offloading n number of total offloading VUs

computing and communication resources. Although these task
partitioning methods consider both the computing capacities
in VLC nodes and VEC servers during decision making, they
are not applicable to VEC servers whose operations are not
only constrained by the limited communication and computing
resources, but energy availability.

The authors in [22] propose a joint task offloading and user
association strategy for the multi-user mobile edge computing
system to minimize the overall energy consumption of the users
and edge server. However, firstly, the proposed method does
not consider task dependency as they assume multiple mutually
independent tasks in each user. Secondly, the challenges of
minimizing the SRSU’s energy consumption is different from
the challenges of operating the SRSU under limited energy
availability, as the computing and communication resources
of SRSU will also be constrained due to the lack of energy.
Both [23] and [24] consider renewable energy powered edge
server. In [23], task partitioning and offloading as well as
the utilization of renewable energy is determined online using
Lyapunov optimization to maximize the number of offloaded
tasks. The authors in [24] propose an online learning technique
for partitioning and offloading of the incoming tasks as well
as autoscaling of the computing capacity for the edge servers
to jointly minimize the application delay, battery deprecation,
and back up power usage. The learning technique is used to
predict the system’s long-term channel rate and workload states.
However, these techniques do not consider the task dependency
graph, and the corresponding transmitted data size is linear to the
partitioned load. In practice, the computation loads of subtasks
in a task graph are discrete and do not possess such linearity rela-
tionship with the input data. Therefore, the proposed theoretical
approaches can not be applied to our problem.

To the best of our knowledge, this is the first study to
consider not only the compute and communication-intensive,
delay-sensitive dependency-aware task partitioning and offload-
ing with the collaboration of VLC node and VEC server, but the
challenges of utilizing limited communication, computing, and
energy resources of an SRSU.

III. SYSTEMS OVERVIEW

In this section, we introduce an overview of the SRSU-
assisted VEC system, including vehicular applications, solar
energy-driven communication, and computing paradigms. For
ease of reference, we list the key notations in Table I.

A. Network and Channel Models

We consider an SRSU-assisted VEC system consisting of one
serving SRSU b and multiple served VUs. The SRSU is equipped
with a communication module SBS and a computation module
VEC server. The operation time is divided into multiple time
slots. Note that the following modellings and discussions are
within a single time slot ¢, for simplicity, we do not attach super-
script ¢ for each variable. We denote the duration of time slot ¢ as
7. For each time slot, there exists asetof VUsZ = {1,2,..., I}
in the coverage area of the SRSU b and the VUs’ locations will
vary in different time slots due to the mobility of the vehicles.
For each VU i € I, we denote m; = %‘qo”"’ as the current
signal-to-noise ratio (SNR) of uplink transmission from VU ¢
to the SBS of SRSU b. p; is the transmit power of VU 1, g3 ; is
the uplink channel gain, and Nj is the noise level. The uplink
transmission rate from VU ¢ to SBS b can be represented as,

o, = Wik loga(1 + mp.4) (D

where W; is the bandwidth allocated by SBS to VU ¢ and the
interference from other VUs is negligible with the use of Orthog-
onal Frequency-Division Multiplexing (OFDM) technology. We
ignore the inter-cell interference by assuming it is mitigated
by inter-cell interference coordination (ICIC) technologies, e.g.
Fractional Frequency Reuse (FFR) [25]. We assume the wireless
communication between the SBS and the VUs use C-V2X pro-
tocols [26] and the available bandwidths are evenly distributed
among the VUs which require uplink transmission. We model
the uplink channel gain, g; ;, by using B1 Manhattan grid lay-
out [27] as the pathloss and slow fading, and the Nakagami-m
distribution [28] as the fast fading, which have been widely used
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Determination Detector Estimator Detection ‘Warning
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Object Detection and Classification
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(b)

Fig. 1. Task dependency graphs of (a). Radar signal-based lane departure
warning system (b). DNN-based object detection and classification application
for the cameras.

by the industry [29], [30] and are shown to be sufficient to model
vehicular communication channels [28].

Compared to the uplink data of the vehicular applications,
e.g., the captured images or radar point clouds, whose data sizes
are usually more than several KBytes (images) or even several
MBytes (point clouds) [31], the data sizes of the vehicular
applications’ computation results are very small. The compu-
tation results, such as the bounding boxes for object detection,
classification, and fusion as well as basic safety messages (BSM)
for collision detection, are less than 1 KBytes in terms of data
size. Moreover, the downlink data rate is usually higher than
the uplink data rate due to the higher transmission power [32].
Therefore, we ignore the impact of downlink data transmission
in our study.

We assume the duration of time slot, 7, to be small enough
so that 7 ; is unchanged within one time slot [5]. Note that ry, ;
will still change across different time slots due to the mobility
of VU.

B. Vehicular Task Model

Most vehicular applications involve computation tasks that
can be expressed as a dependency graph of sequential subtasks.
For example, Fig. 1 shows two dependency graphs of radar and
camera-based vehicular applications. In Fig. 1(a), the detection
range determination block decides the range of distance to
perform the energy detection on the radar signal. Lane interval
estimator and lane detector are applied if enough signal energy is
detected. If a lane is present and the application detects possible
departure due to the vehicle’s speed, a departure warning will
be sent to the driver [33]. In Fig. 1(b), the image captured by
the camera will be decided and resized to be the input feature
for the DNN-based object detection and classification, where
we use SSD-MobileNetV?2 [7] as an example. In Fig. 1(b), conv.
is the convolution layer, which is the most common layer in
SSD-MobileNetV2. If any object is detected, the application will
return the coordination of the bounding boxes for the detected
object.

We assume that at each time slot, every VU generates a
computation task that consists of a set of £ = {1,2,...,K}
sequentially dependent subtasks, as shown in Fig. 2. That is,
the data input of subtask k£ depends on the data output of
subtask k + 1. Therefore, subtask k& + 1 can start only after the
completion of subtask k. For each subtask k& € IC of VU i, we
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Task of VUi € I

W1,q,i

1,9, wW2,q,i Wm+1,q,i wM q.
— Subtask | — -

%0 Subtask k ———ta

Y
1
1 O(M+1),q,i
1
1
1

Fig. 2.  Subtask breakdown of a vehicular application.

assume wy, 4 ; is the input data size and w4 1),q,; i8 the output
data size, where ¢ is an application adaptation parameter. For
example, if the considered vehicular application is vehicular
machine vision, such as object detection and classification, ¢
can be the encoding bitrate of the input image.

Each subtask can be executed locally in the VLC node or,
offloaded and executed at the VEC server. In such cases of
computation offloading to edge, data at the task-splitting point,
e.g. subtask &', needs to be transmitted over the wireless com-
munication channel, such that the first {1, 2, .., ¥’} subtasks are
executed at the VLC node and the remaining {¥' + 1,..., K}
subtasks are executed at the VEC server.

C. Performance Metrics

Herein, we consider the performance metrics for object detec-
tion, which is a critical component in various complex vehicular
applications as mentioned above. Therefore, we primarily focus
on two object detection performance metrics - the end-to-end
delay and the accuracy.

End-to-end delay: The end-to-end delay in our study is de-
fined as the summation of the computing delay of each subtask
in IC and the communication delay of transmitting the required
data for computation offloading. Therefore, the end-to-end delay
of VU 7 can be represented as,

K
d; = ZTk,i + Tigi ()
=1

where T}, ; is the computing delay of subtask k. T}, ; is the
transmission delay for offloading subtask &’ and its subsequent
subtasks to the VEC server, that is, for transmitting the input of
subtask &’ with data size wy, 4 ;. Therefore, T}, ; can be defined
as w’;bli T}z, = 0 if all the subtasks of VU i are executed
locally.

Note that as we focus on optimizing the end-to-end delay
in this study, without loss of generality, we assume the data is
processed frame-by-frame in the vehicular application, that is,
subtask 1 starts processing the next input data after subtask K,
which is the last subtask in /C, finishes processing the previous
input. Therefore, queuing delay is negligible in the network.

Accuracy: The accuracy of the object detection a; of VU 7 can
be represented as a function of the application level adaption
parameter ¢, namely, a; = a(g;), where ¢; is the parameter ¢
used by VU i. In this paper, we take compression level of the
input image (i.e. the encoding bitrates of the jpeg compressed
image) as an example of the application adaptation parameter.
We measure the accuracy in terms of the intersection over union
(IoU). IoU is the intersection over union of the areas of the
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bounding boxes of the detected objects in the input image with
respect to the result of the uncompressed base image.

Assume for image m, the bounding box area of the detected
objects in the base image (i.e., at ¢ = 1, the lowest possible com-
pression level) is N{™, and the bounding box area of the detected
objects in the corresponding input image (with compression
level ¢') frame is IV, - The accuracy of this inputimage is defined
as: (N7" N .Ng') /(N U Ng'). Without loss of generality, we
define the overall accuracy of images at image quality ¢ by
averaging the accuracy over M different frames,

3)

where M is a large whole number. Note that (0 < a(q’) < 1).
QoS Utility: The quality of service (QoS) of vehicular appli-
cations aims to have lower delay and higher accuracy. However,
higher accuracy is usually achieved by larger data size, that
potentially impacts the end-to-end delay, which is a function of
data transmission time and computation delay at the VLC node
and VEC server as expressed in (2). Therefore, the system needs
to consider a trade-off between end-to-end delay and accuracy.
In this paper, we define a joint performance metric, QoS utility,
which we represent as a weighted function of the end-to-end
delay and accuracy. For each VU 7, the QoS utility is defined as,

dn
QoS = a—- + (1 —a)=*alg) “)
and the average QoS utility of all the current VUs is,
- 1
QoS = - Ze; QoS; (5)

where d,, is the term used to normalize d; to the same range
of a(g;). For example, if the value of a(g;) is between 0 and
1, d,, will be determined as the smallest possible value of d;.
a (0 < a < 1) is the trade-off factor between the end-to-end
delay and accuracy, and is determined by the service provider.
Higher value of a means the QoS utility emphasizes more
on the performance of end-to-end delay and vice versa. For
example, for the SRSUs deployed along a highway, where
end-to-end delay is critical to driving experience due to high
vehicle speed, the service provider can choose higher value of o
to focus more on reducing the end-to-end delay than very high
accuracy. Meanwhile, because the moving patterns of vehicles
on the highway are stable and easy to track across multiple
consecutive frames, detection accuracy can be compensated by
object tracking techniques so that the impact of the trade-off in
accuracy will not affect the driving safety.

D. Energy Consumption and Harvesting at SRSU

The energy consumption of the SRSU Ep consists of the
energy consumed by its VEC server and SBS. We denote Eg
and E'p be the energy consumed by the VEC server and SBS,
respectively. Therefore, F'p = FEs + Ep.Note that /s depends
on the load and CPU-GPU configuration ¢, of VEC server.
The load of VEC server is a function of the offloaded subtasks,

TABLE II
CHOSEN CPU AND GPU CONFIGURATIONS TO EMULATE THE COMPUTING
CAPACITY OF VLC NODE AND VEC SERVER

Configuration VLC_ VLC_ VEC_ VEC_
name configl | config2 configl config2
CPU cores 2 1 6 6
CPU frequency {960, 1267, {652, 824,
(MHz) 960 652 1574} 960}
GPU cores 1 1 1 1
GPU frequency
(MHz) 114 114 {725, 1300} | {725, 1300}

therefore, s for the current time slot can be represented as,
ES’ = ES’,idle + Ec (6)

where Eg ;g is the idle energy consumption and F, is the
energy consumed for executing the offloaded subtasks.

On the other hand, the energy consumption of the SBS can be
represented as the following,

Ep = Epaie + »_ P(ro;) * Tiai )

7

where P(r ;) is the base-band signal processing power con-
sumption at SBS for uplink transmission at datarate 7y, ;. T}, 4
is the transmission time (i.e. the time when SBS is actively
processing the uplink signal at datarate 77 ;).

At the beginning of each time slot, we let E; be the amount
of energy harvested from the solar panel of SRSU b and can
be immediately used by the SRSU. Therefore, the energy con-
sumption of VEC server and SBS should satisfy,

Er=Ep+ FEs < E; (3)

In the following section, we build the empirical system models
for the vehicular tasks, performance metrics and energy con-
sumption with real-world control parameters, e.g., application
adaptation parameter, computing configurations and load, that
instills the non-linear behaviors in the aforementioned system
models.

IV. EMPIRICAL SYSTEM MODEL

We emulate the SRSU-assisted VEC system by using a setup
of Nvidia Jetson TX2 boards which are power-efficient em-
bedded AI computing devices [8], and use NI USRP B210
radios for communications. We operate the Nvidia Jetson TX2s
at different CPU-GPU configurations to emulate the different
computing capacities of the VEC server and VLC nodes. We list
the corresponding hardware configurations in Table I, including
CPU and GPU frequencies and the number of available CPU and
GPU cores. Note that the CPU and GPU frequencies listed in
Table II are chosen from the available frequencies allowed by
the Nvidia Jetson TX?2 board.

We mimic different computing capacities of the VEC server
with two configurations, VEC_configl and VEC_config2, by
choosing two sets of available CPU-GPU configurations of the
Nvidia Jetson TX2 board. Each set consists of a collection
of CPU and GPU frequencies that the VEC server can tune

399

400
401
402
403

404
405
406
407
408
409
410
411

412
413
414
415
416
417

418

419
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434



435
436
437
438
439
440
441
442
443
444
445
448
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466

467

468
469
470
471
472
473
474
475
476
477
478
479
480

A. Decoding & Resizing B. Neural Network Inference

\ MoblleNetVZ SSD

“’un
1920x ||‘\ 1300x Il
1080p [P ~——————————— 300p
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to operate at depending on current performance and energy
requirements.

Similarly, for VLC nodes, we emulate their computing ca-
pacity by choosing two different CPU-GPU configurations,
VLC_configl and VLC_config2. For the disparity of com-
puting capacity between the edge and local computing de-
vices, we choose the lowest available GPU frequency for
both VLC_configl and VLC_config2. Additionally, we assume
VLC_configl and VLC_config2 can only access two and one
CPU cores, respectively, on the Nvidia Jetson TX2 board,
while both edge configurations can access six CPU cores. Fi-
nally, for the CPU frequency of VLC_configl, we choose the
lowest frequency listed among the available CPU frequencies
of VEC_configl, and likewise, we determine the CPU fre-
quency of VLC_config2 as the lowest CPU frequency listed for
VEC_config2.

As mentioned earlier, while we use object detection using a
vehicle camera as an example of the real-time vehicular applica-
tion, our work can be easily extended to other types of vehicular
applications as well. We use SSD-MobileNetV2 [7] for object
detection due to its lightweight computations, favorable for
real-time applications. In this section, first we provide the task
model for object detection with SSD-MobileNetV2 and show
the impact of corresponding application adaptation parameter,
i.e. compression level, on the data size in the task pipeline and
accuracy. Second, we will present the empirical model for the
computing delay at the VLC node and VEC server w.r.t. differ-
ent system settings. Third, we will demonstrate the empirical
model for energy consumption of the SRSU, including energy
consumption at the SBS and VEC server, by extending the
theoretical models described in the previous section, considering
different system configurations and load conditions.

A. Object Detection Task Model and Impact of Compression

The task graph considered for object detection is shown in
Fig. 3. After the vehicle camera captures a 1080p image, the
image is decoded and resized into a 2-dimensional 300 by 300
matrix input and forwarded to the neural network of SSD-
MobileNetV2 for object detection. For the sake of simplicity,
we choose a combination of functional blocks as one subtask,
as shown in the dotted boxes A and B (i.e., the following two
subtasks, Decoding & Resizing and Neural Network Inference),
for the rest of this study. However, note that our approach is
not limited to two subtasks and is scalable for more subtask
scenarios.

As the application adaptation parameter, we use compression
level ¢ € Q, which is applied to camera, to control the encoding
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TABLE III
INPUT DATA SIZE OF EACH SUBTASKS AT DIFFERENT COMPRESSION LEVEL

Compression level ¢ 1 2 3 4
Encoding bitrate level | 100% | 75% | 50% | 25%
w1,q,; (KByte) 92 79 55 27

w2 q,i (KByte) 270 270 270 270
TABLE IV
ACCURACY AT DIFFERENT COMPRESSION LEVELS
q 1 (Base image) 2 3 4
Accuracy 1.0 097 | 093 | 09

bitrate and hence the data size of images. Q is the set of available
compression levels. The impact of compression level is two-fold.
Higher compression level reduces the size of the input image,
thus reducing the dataflow transmission time to forward to the
next node in the task pipeline, but it also affects the accuracy of
the object detection.

Table III shows the data size along the processing flow of
the object detection using a compressed 1080p jpeg image,
under different values of g. Note that w, ,; is the decoded
300x300 pixels image, therefore, its size is not impacted by the
encoding bitrate compression level.

Table IV shows the corresponding impact on accuracy for
different values of ¢ for a set of 70 image frames of 1080p
resolution. We choose the base image when the compression
level is 1 with 100% encoding bitrate. Thus the accuracy for
q = 11s 1.0 based on Eq. 3 and it decreases with the increasing
values of ¢. Note that the lowest accuracy in Table IV (i.e. ¢; =
4),1sjust 10% less than the accuracy of the base image. However,
even with a 10% decrease, the accuracy of SSD-MobileNetV?2
is still higher than some of the other object detectors, e.g.,
YOLOV?2 [34], which has been largely used for autonomous
vehicles as mentioned in literature [35], [36]. Therefore, our
study can still meet the same driving safety performance as
other vehicular object detection studies even with the trade-off
in accuracy.

B. Computing Delay and Impact of Computing Capacity

Here, we empirically model the computing delay for the object
detection using the different computing capacities of VLC node
and VEC server. Note that VLC node will run the application
for a single VU and thus its computing capacity is impacted by
CPU-GPU configurations only as mentioned in Table II. How-
ever, the VEC server runs applications for multiple VUs and
thus is impacted by both its CPU-GPU configurations and the
load in terms of the number of application instances. Now, based
on Fig. 3, there are two subtasks in the task graph. Therefore,
K =2, and T is the DR delay (execution delay of Decoding
and Resizing subtask) and 75 is the inference delay (execution
delay of neural network inference), which together constitutes
the computing delay.

1) Computing Delay at the VLC Node: We implement the
object detection subtasks in Fig. 3 on the Nvidia Jetson TX2
board and measure 77 and 75. Table V shows the observed
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TABLE V
BREAKDOWN OF THE END-TO-END DELAY OF OBJECT DETECTION USING
DIFFERENT VLC COMPUTING CAPACITIES

Computing delay (s) | VLC_configl VLC_config2
Ty 0.036 0.085
T> 0.095 0.103
Overall 0.131 0.188

computing delay of each subtask for processing an image frame
under the VLC configurations listed in Table II. Note that the
minimum computing delay of the object detection at the VLC
node is higher than 0.130 s, which is not fast enough for the
0.1 s requirements for vehicular applications to react to the fast
changing traffic condition [37]. Therefore, offloading some of
the subtasks to the VEC server, which has higher computing
capacity than VLC node, can reduce the computing delay, and
thus, potentially reduce the end-to-end delay. In the next sub-
section, we demonstrate the empirical model of the computing
delay at the VEC server.

2) Computing Delay at the VEC Server: We model the com-
puting delay of subtasks on the VEC server empirically by
observing 7T and 75 under different VEC server load condi-
tions. Fig. 4 shows the DR delay 77 and the inference delay of
neural network inference 75, under the conditions of different
VEC server capacities and different number of instances of DR
and the neural network subtasks. Note that the CPU and GPU
frequencies used in Fig. 4 are listed in Table II. In Fig. 4(a), the
DR delay does not change between different GPU frequencies
because the execution of DR does not use any GPU resource.
On the other hand, Fig. 4(b) shows that the relationship between
the inference delay and the increasing CPU-GPU frequencies
as well as the number of application instances is not easy to
represent by simple linear and quadratic models. Therefore,
such knowledge of nonlinear correlation between delay and
computing capacity shown in Fig. 4 is necessary for accurate
delay performance optimization.

C. Energy Consumption Model

1) Energy Consumption at the VEC Server: In our empirical
study, we observe the major factors that impact the energy
consumption at the VEC server are the server’s CPU-GPU

0.08 ., | EEEIGPU freq. = 720MHz
[T GPU freg. = 1300MHz

o
o
=3
‘

0.04

T2 inference delay (s)

0.02..
1574.4

G, 12672

3 . ce
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(b)

(a) DR delay T and (b) Inference delay 75, under different number of running instances and VEC server’s computing capacities.

configuration, the number of offloading VUs (i.e. the running
application instances), and the offloaded computation loads.

Fig. 5(a) shows the energy consumed per second of a Jetson
TX2 board as VEC server while a number of VUs offload
both DR and the neural network inference simultaneously. The
measurement is taken under different CPU-GPU configurations.
The energy consumption is linearly increasing with the CPU
frequency and number of offloading VUs. However, the increas-
ing rate varies when the Jetson board is operated with different
GPU frequencies. In reference to Fig. 4(a), we can see that al-
though higher CPU and GPU frequencies lead to less computing
delay, the corresponding energy consumption will be higher.
Under the condition when the SRSU lacks of available energy,
VEC server needs to reduce its operating CPU-GPU frequency
while sacrificing the computing delay of the offloaded subtasks.
Fig. 5(b) shows the energy consumed per second while multiple
VUs offload only the neural network subtask. While it shows
similar trend of increasing energy consumption as Fig. 5(a),
its absolute value is less than Fig. 5(a) under fixed CPU-GPU
frequency settings and number of instances, because only one
of the subtasks (i.e. neural network inference) is executed.

2) Energy Consumption at the SBS: To measure the energy
consumed by the wireless communication at the SRSU, we
use the same experimental settings as in [38], with one Jetson
board and one NI USRP B210 radio to emulate the SBS. The
wireless channel is established by srsLTE tool [39], which is
used to create an LTE link between SRSU and VU. We create
different values of uplink data-rate using iperf and measure the
corresponding energy consumption on the Jetson TX?2 board and
the NI USRP B210 radio. The result of the consumed energy
per second is reported in Fig. 5(c). Note that due to hardware
limitations, the maximum uplink datarate achievable over LTE
by our experimental setting is 6 Mbps. Therefore, we use curve
fitting approach for the energy consumption model of the SBS
at high data rate conditions. It can be observed that the energy
consumption P(ry ;) is linear to the uplink data rate 7y, ;, that is,
P(ry,;) = 0.14r ;, with the idle power = 4.5 W. Based on (7),
we consider the following energy consumption model for Fp.

Ep =457+ 014 ry, 2201

P Tb,i

=457+ 014> wirgi )
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Energy consumption per second of (a) left, VEC server executes instances of both DR and the neural network inference and (b) center, VEC server

executes various instances of the neural network inference under different VEC server’s computing capacities, and (c) right, SBS under different uplink data rates.

where wy, 14,; 1s the data size per frame required to be transmitted
corresponding to splitting point of subtasks for offloading.

V. OVERALL APPROACH AND PROBLEM FORMULATION

A. Task Partitioning and Offloading

From the above real-world system models, we can observe
that to optimize a single VU’s end-to-end delay, we can offload
all of its subtasks to the more powerful VEC server. However,
an inferior wireless channel quality can potentially increase the
communication delay and thus increase the end-to-end-delay
resulting in low QoS utility. Hence, partitioning a task at a point
that reduces the data size is desirable, in order to reduce the com-
munication delay. Moreover, when multiple VUs try to offload
all their subtasks to one VEC server simultaneously, the resource
constraint at the VEC server may increase the average computing
delay and can potentially violate the energy constraint in (8).
Therefore, we need an optimal offloading strategy that allows
VUs to selectively offload part of their subtasks based on their
transmission rate, local computing capacity, and current VEC
server load, as well as energy constraint.

In this paper, we consider the following three partitioning and
offloading strategies denoted by y;, for a VU with the considered
object detection application (1) y; = 1: Full Offloading, (2)
y; = 2: Partial Offloading, and (3) y; = 3: Encoded Partial
Offloading. We also denote y; = 0 as the Local Only strategy,
where all the subtasks are executed at the VLC node. The high
level block diagrams of these strategies are shown in Fig. 6,
where the blocks represent each subtask. Blue blocks indicate
the subtask is executed locally and green blocks indicate the
subtask is executed at the VEC server. Red dash arrow indicates
where the wireless uplink data transmission between the VU and
the VEC server happens.

For Full Offloading, strategy, VU will transmit the captured
image (i.e. with size wy 4 ;) to the SRSU, and hence, offload both
of the DR and neural network inference to the VEC server. On the
other hand, for Partial Offloading strategy, VU will first execute
DR subtask at VLC node, then offload the decoded as well as
resized 2-dimensional input image features (i.e. with size w5 4 ;)
to SRSU, and let the VEC server execute the neural network
inference. However, note that the data size after decoding is

g/ | Neural network
Resizing inference

Camera --------»

Full Offloading (y; = 1)

Neural network
inference

Camera ——

Partial Offloading (y; = 2)

Neural network
inference

Decoding/ _, En- De-

Resizing  coding  coding

Camera —

Encoded Partial Offloading (y; = 3)

Fig. 6. Possible task partitioning and offloading strategies in object detection
application using SSD-MobileNetV2.

TABLE VI
ENCODED DATA SI1ZE FOR TRANSMISSION OF ENCODED PARTIAL OFFLOADING
STRATEGY WITH DIFFERENT COMPRESSION LEVELS

Compression level g 1 2 3 4
Encoding bitrate level | 100% | 75% | 50% | 25%
wqu’i (KByte) 21 18 125 6.2

several times larger than the encoded image, which is not feasible
for transmission in real-time unless the transmission rate is
very high. Therefore, in this paper, we propose another partial
offloading strategy: Encoded Partial Offloading.

In Encoded Partial Offloading strategy, at VLC node, VU
will encode the resized image feature again to a jpeg image
with the same resolution as the smaller resized image (i.e.
300x300 pixels in the studied example) before transmission.
Subsequently, the VEC server will decode the received image to
the 2-dimensional image feature and then send to the neural
network inference for object detection. Compared to Partial
Offloading strategy, Encoded Partial Offloading strategy incurs
overhead of execution of extra encoding at the VLC node and
extra decoding at the VEC server, with the trade-off for a high
gain in reduction of communication delay due to highly reduced
data size. The data size of the 300x300 resized image feature
after encoding is shown in Table VI, where w3 , ; is the encoded
data size of wy 4.

1) Impacts of Offloading Strategies to End-to-End Delay:
Previously we have separately modeled 71, 75 at the VLC node
and the VEC server, and 7}, under different data rates and
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transmitted data sizes. In this section we model the end-to-end
delay combining the offloading strategies and the above empir-
ical models. While all of the offloading strategies (i.e. y; > 0)
offload the neural network inference to the VEC server, only
Full Offloading strategy offloads the DR subtask. Therefore, we
model 7] for DR as a function of the number of Full Offloading
users h and 75 for the neural network inference as a function
of the number of total offloading users n, where h = > 1
andn =73, 1l

We use T}(c; ;) and T{(ce, h) to denote DR delay on VLC
node and VEC server, respectively, given h, VLC node con-
figuration ¢; ; and VEC server configuration ¢, € C. C is the
set of available CPU-GPU configurations for the VEC server.
Similarly, T%(c;;) and T5(c.,n) denote the inference delay,
respectively, given n, VLC node configuration ¢;; and VEC
server configuration c.. Therefore, the end-to-end delay of VU
1 using y; offloading strategy can be modeled as,

iy =1

d?(yla qi, N, h7C€7 Cl,i) ==

T (cri) + T3 (cra); ify; =0
e e Wi,a;,i, : -
TY (ceyh) +T5 (ce,n)—kﬁ, ify; =1
Ti(cr) + T5 (ceym) + 32 if y; =2
T{(ci) + T5 (cesn) + Th(ers) + Tf + =222 ify, =3
’ (10)

where T%(c;;) is the encoding delay for a smaller resized
300x300 pixels jpeg image given the VLC node configuration
c1,i, and Ty is the decoding delay for the same resized image
at the VEC server. Based on our observation, 7% is 0.003 s and
0.007 s, respectively, for VLC configuration VLC_configl and
VLC_config2. We have measured that given the worst VEC
server configuration, Ty is 0.003 s, which is very small com-
pared to 77 (i.e. decoding and resizing for 1080p jpeg image).
Therefore, we set T to 0.003 s and ignore the impact of ¢ to
the value of 7.

Similarily, with the above offloading strategies, based on (8)
and 9, we model the empirical total energy consumption of
SRSU Efp, as,

ER(CL)/ n? h7 ce) = Es(n’ h7 Ce) + EB (w/)

(hE'1(n,ce) + (n—h)E'2(n,ce)) + 4.57 + 0.14

1D
where ' is the summation of the data size that needs to be
transmitted depending on the decisions of y; and ¢;, Vi € Z. &',
is the energy consumption of the VEC server shown in Fig. 5(a),
and &', is the energy consumption shown in Fig. 5(b).

Since not all of the n VUs will offload both of the subtasks
simultaneously, for the sake of simplicity, we assume the overall
energy consumption is the interpolation of the corresponding
energy consumption values when all of the n VUs offload both
subtasks (i.e. £'1(n, c¢.)) and when all of the n VUs offload just
the neural network (i.e. £'2(n, ¢ )). The above empirical models
are specifically for SSD-MobileNetV2-based object detection
applications. For other types of applications, once the action
space of y; is defined and the delay, accuracy, and energy
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Fig. 7.  Overview of the SRSU-assisted VEC system, including offloading

request and decision flows.

consumption models are established correspondingly, our work
can be applied to those vehicular applications.

B. Overall Approach and Problem Formulation

We assume that at each time slot, each VU will send an
offloading request for this application. The request will include
information of the local computing capacity ¢; ;, available com-
pression levels Q, and the subtask composition of . The SRSU
will take the above information, along with the available solar
energy E;, bandwidth W, and VEC server configurations C, and
make optimal offloading decision y; as well as compression level
q; for each VU 7. We assume the SRSU already knows the delay
and accuracy models like Table IV and Fig. 4. The decisions
will be sent to each VU by the SBS as the offloading instruction.
In the meantime, SRSU will need to decide the VEC server’s
CPU-GPU configuration ¢, for operation.

Fig. 7 depicts the whole process. In Fig. 7, blue arrow shows
the flow of offloading requests from VUs to the SRSU, with the
included information listed in blue boxes; green arrow shows
the flow of SRSU’s information, which is listed in green boxes
including channel conditions, bandwidth, solar energy, and VEC
server’s computing availabilities; red arrows indicate the flow
of decisions for the SRSU and VUs. The objective of this
paper is to determine in real-time the VEC server’s operating
configuration c. and the optimal offloading strategy y; as well
as the compression level g; for each VU 7 to maximize the
average QoS utility of all the VUs in Z at any given time
slot. The decision is made at the beginning of the time slot.
The optimization problem for each time slot can, therefore, be
formulated as,

maximize Q&S (12a)
Yi,qii€L,ce
subjectto Epr < E} (12b)
W¢:Wj,Vi,j:yi>0,yj >0 (12¢)
S owi<w (12d)
7:y; >0
> 1< Nvge (12e)
i:y; >0

where Constraint 12b is the energy consumption constraint of
SRSU. Constraint 12c states that the utilized bandwidth is evenly
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Fig.8.  Overview of the time domain flow of both application execution frames

and task partitioning as well as offloading decisions in the SRSU-assisted VEC
system.

distributed among the VUs who are offloading. Constraint 12d
ensures that the overall utilized bandwidth does not exceed the
available bandwidth of the system W. Constraint 12e shows that
the total number of offloading VUs can not exceed the maximum
capacity of the VEC server, which is also equivalent to the
maximum number of application instance Ny g¢ that the VEC
server can run simultaneously due to the computing capacity
and computer memory limitations. For example, Ny g = 6 for
the Jetson TX2 board running SSD-MobileNetV2-based object
detection applications.

Fig. 8 shows the time domain flow of the SRSU-assisted VEC
system. For each VU, F},, represents the execution of the mth
frame of the application to process the m!" input camera image
in the current time slot ¢, and the width of the F;,, box shows its
end-to-end delay. The small colored blocks in each F},, box are
the subtasks for the application, where blue and green blocks
indicate that the corresponding subtask is executed locally at
the VLC or offloaded to the VEC, respectively. The orange
boxes represent the execution of the offloading decision making.
The offloading decision making for the next time slot takes the
current states of VUs’ request information and SRSU’s resource
capacities, then returns the optimal offloading decisions as well
as compression levels at the beginning of the next time slot.

Since the partitioning and offloading decisions are made at the
beginning of a time slot, the duration of the current time slot, 7,
should be determined by the following equation,

T > max{maXdi7 Tdecision}a
i€

13)

so that no computation task will occupy any computing and
communication resources when the next time slot begins. Note
that for VU ¢, d; is upper bounded by d; (0, ¢max,0,0,0,¢;;) =
SO T} (c14), which is the local execution delay (y; = 0) in
(10), where ¢; ; is the VLC configuration and k is the index of
each subtask. Tyecision 1S the delay of making optimal parti-
tioning and offloading decisions, which depends on the VEC
computing capacity and complexity of the decision making.
We will show with experimental result in latter section that 7
is mostly bounded by the Tyecision Of our proposed decision
algorithm with reasonable size of VLC and VEC computing
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capacities, and can be small enough to ensure an unchanged
data rate, 7y ;.

VI. SOLUTION METHODOLOGY

Note that in our problem formulation 12, the decision vari-
ables y;,q;,Vi € Z and c. are integers while QoS is a non-
linear function of the above variables. Therefore, problem 12
is an NP-hard nonlinear integer programming problem [40].
The complexity of exhaustively listing all the possible values
of y;,¢; and c., and tracking for the solution which gives the
maximum objective value is O(Y/Q'). Where Y’ is the number
of possible choices for partitioning and offloading (including
Local Only strategy), @ is the number of compression levels for
application level adaption of each VU, and [ is the total number
of VUs. If there are only a few VUs in the area, exhaustively
search can provide optimal solution with a low time-complexity.
However, the complexity of this problem grows exponentially
with the number of VUs. Moreover, since we are considering
vehicular users, the number of VUs changes over time, and it is
very likely that there are tens of vehicles in the coverage area of
an SRSU (e.g. during the peak hour of a highway). This leads
to prohibitively expensive time-complexity for the exhaustive
search approach. Therefore, in this work, we propose a dynamic
programming-based heuristic algorithm to solve problem 12.

For a given instance of problem 12, and assuming
Zi:yi>0 1 =N, c. =, where both N’ and ¢ are fixed inte-
gers, we consider a matrix f with dimension I * N' x N’ %« N’ x
N'. f(i,n, h, u, v) represents the maximum average QoS utility
achievable considering VU set {1, 2, . ..,} and allowing n VUs
offloading. On the other hand, &, u, and v are the numbers of the
offloading VUs using Full Offloading, Partial Offloading, and
Encoded Partial Offloading strategies, respectively. The core
formula of this dynamic programming strategy is in (14),

0; ifn#h+u+wv
0; ifi=0
‘7 ah, s = 7 e 14
f(in,hyu,v) 0; ifi,h,u, orv <0 (14)

max(A4,, Vy e ));otherwise

where ) is the set of all the possible values of y;, and A, is
defined in the following. For y = 0,

Ay =P+ f(i —1,n,h,u,v) (15)

is the QoS utility when including VU ¢ in the considered VU set
while VU i is not offloading any subtask, where P} is the QoS
utility using VLC node of VU <. For y > 0,

A =

y =
maxy Py +fi—1,n—1,h—1,—,u—1,—,v—1,-3);
if Er(w'(i—1,n—1h—Ty—1,u—1Ty—,v—1,-3)
+wy q.isn, b, ) < By 0; otherwise

(16)

is the QoS utility while including VU 7 using y; =y (y = 1,2,
or 3 in the considered use case) with compression level g,
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Algorithm 1: Dynamic programming Algorithm
for Fixed Offloading VU and System configuration
(DAFOS).

Input: N’ ¢, Z,pt, ryi, 16,V €T

Output: f',9,§
1 f,h,m <+ zeros(I, N',N',N',N');
2 for i <1 to I do

3 for n < 0 to N’ do

4 for h < 0 to N’ do

5 calculate
Py, g, = axdn/di(yi,qi,n, h,ce,cri) +
(1-a)*a(q) Vyi€V,qi€Q;

6 for u < 0 to N’ do

7 for v < 0 to N’ do

8 update f(i,n,h,u,v) by Eq. 14 ;

9 update (i, n, h,u,v), 7(i,n, h,u,v),

and w’ (i,m, h,u,v);

10 f < maxp o f(L, N, 5050

u h* ut vt argmax,, o f(LN' 550
2 N« N

13 9,4« zeros(I) ;

14 for i <— I to 1 do

15 y[l} <—¢(1»N,7h*,u*7”*) 5
w6 | i)« m(i N bt v ;
17 if §[¢] > 0 then

18 N« N-1 ;

19 if §[i] == 1 then

20 | u < h"—1;

21 else if y[i] == 2 then
2 | v'+u"—1;

23 else

24 | 25«0 -1

25 return f', 9,4 ;

which gives the maximum QoS utility F; , , among all the
possible ¢. Note that P, , , = oo d,, /d;(y,q,n, b, e, ) +
(I —a)=*a(g). 1,=; is an indicator function whose value is
1 if y = j, otherwise, its value is 0. The Er < E; inequality is
used to ensure the energy constraint, where w'(i — 1,n — 1, h —
Ty—i,u—1y—,v—1,-3) is the total data size required to be
transmitted for VU 1 to 7 — 1. wy 4 ; is the data size required to
be transmitted by VU ¢ when using y; = y and ¢; = q.

On the other hand, we use ¢ (¢, n, h, u,v) and 7 (i, n, h, u,v)
to record the optimal offloading decision y; and compression
level ¢ that correspond to the value of f(i,n,h,u,v) for VU
1. Matrices f, v, 7 are initialized as zero matrices. We then
recursively calculate the elements in f for v from 0 to N’, u
from 0 to N’, h from 0 to N’, n from 0 to N’, ¢ from O to I, until
all the elements in f are updated. The optimal cumulative QoS
utility for VU set Z considering > ;. 1= N"and c. = ¢
is then the maximum elements among f(I, N, :,:,:). We then
calculate the optimal offloading and compression level decisions
for each VU iteratively from ¢ = I to ¢ = 1 by using ¢ and .
We list the steps for updating elements in f in Algorithm 1,
which we name as Dynamic programming Algorithm for Fixed
Offloading VU and System configuration (DAFOS). Steps 2to 9
execute the core function of dynamic programming and steps 14
to 24 retrieve the recorded optimal offloading and compression
level decisions in v and 7.

Note that DAFOS returns the heuristic solution of problem 12

under the condition that 3, ;1= N'and c, = ¢’. To obtain

Algorithm 2: System and Application aware Multiple
User Offloading Algorithm (SAMOA).

Imput: Z,C, Nvec, Y, Q, T, c1,i,Vi € T

Output: L™, p*

p' <« zeros(N);

for i in I do
Pi

o=

axdn
R d;(%,0,gmaz,0,0,c ;)

P « zeros(Nvec,C);
L« list();
for N' < 1 to Ny gc do
for ¢’ in C do
P[N',¢],9.4
«— DAFOS(N',¢,Z,p,rip, 1.4, Vi € T);
9 append {y,d} in L
10 N*, ¢ < argmax P[N’,¢];
N’,c/
u p* « P[N* ¢l
L* « LIN*, ¢);

w

+ (1 - Oé) * a(QMaz);

® = & » s

—
)

the solution of problem 12, all the possible values of N’ and
¢’ need to be considered. Therefore, we propose the follow-
ing System and Application aware Multiple User Offloading
Algorithm (SAMOA), which executes DAFOS on different N’
and ¢ and returns the maximum QoS utility, the corresponding
offloading strategies as well as compression levels for each VU.
The steps of SAMOA are listed in Algorithm 2. In SAMOA,
steps 1 to 3 calculate the QoS utility of Local Only for each VU.
We start to execute DAFOS on different N’ and ¢’ and pick the
maximum possible optimal solution between steps 6 to 9. We
use P [N,/ ] to record the returned optimal QoS utility. We then
append the corresponding offloading strategies and compression
levels {§,d} to L[N, ¢]. After all the possible sets of N’ and ¢/
are iterated, in steps 10 to 12, SAMOA will return the maximum
elements in P as the optimal QoS utility and its corresponding
offloading strategies and compression levels of each VU.

Note that for DAFOS, the variables n, h, u, v need to iterate
Ny g times and (14) requires iteration of all the () compression
levels and Y offloading decisions in the worst case. Therefore,
the complexity of DAFOS is O(I * N{, o * Q *Y). On the
other hand, in SAMOA, DAFOS is the component that has the
largest complexity and DAFOS is executed Ny go * C' times,
where C is the number of possible VEC server configurations.
Therefore, the complexity of SAMOA is O(I * N g * Q *
C xY).Since Ny gc, @, and C are constant, the time complex-
ity of SAMOA is O(I), where I is total number of VUs. Hence,
as validated with our experimental results reported in the next
section, SAMOA can be executed in real-time for reasonable
size of VU set Z.

VII. PERFORMANCE EVALUATION

We first show how SAMOA performs under different resource
conditions. Then, we present the online trace-driven simula-
tion framework and demonstrate the performance comparison
of SAMOA with existing approaches. Finally, we show how
SAMOA can be applied to more dense VU scenarios.
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Fig. 9.

A. SAMOA Performance Evaluation

Herein, we present and analyze how our algorithm decides the
optimal decisions in a single time slot. In Fig. 9(a), (b), (¢), and
(d), we show the evolution of offloading strategies y; as well
as compression level g; of each VU determined by SAMOA
in different resource availability and system parameter regions.
The time slot duration 7 is set to 1 s. For simplicity, we assume
there are 5 identical VUs in Z, all of them have an VLC node
with VLC_config2 configuration (i.e. listed in Table V) and SNR
value 50 dB. We consider scenarios with different bandwidth,
energy, and VEC computation capacities as well as different
trade-off factors a. We mimic the impact of computing load
caused by other applications sharing the VEC server by reducing
the CPU-GPU resources of the Jetson TX2 board. VEC server
without external load (i.e. using VEC_configl configuration)
represents the condition when the VEC server is not busy com-
puting other applications and VEC server with external load
(i.e. using VEC_config2 configuration) means the VEC server
is simultaneously executing other applications. On the other
hand, vertically we vary the trade-off factor value o from 0.2
to 0.8. The color and shape of each circle show the y; and g;
decisions, respectively, to each VU. Blue, yellow, red, and green
colors represent Local Only, Partial Offloading, Encoded Partial
Offloading, and Full Offloading strategies, respectively. Circle,
pentagon, diamond, and triangle shapes, respectively, show the
compression levels 1 to 4 (i.e. listed in Table VI).

Fig. 9(a) considers the scenario where o = 0.2 and VEC
without external load, where y; changes from Local Only to
Encoded Partial Offloading, then to Full Offloading strategy
when the available solar energy and bandwidth increases. It
is because compared to Full Offloading strategy, (1) Encoded

Partitioning and Offloading strategy with compression levels for individual VU under different resource availability.

Fartial Offloading strategy needs less bandwidth as it transmits
the encoded image after resizing, (2) Encoded Partial Offloading
strategy executes the DR subtask in VLC node and transmits
lesser number of bits, hence requires less energy consumption
in VEC server. Therefore, in the regions where SRSU lacks of
either bandwidth or solar energy, Encoded Partial Offloading
outperforms Full Offloading strategy in terms of QoS utility.

On the other hand, with o« = 0.2 and when VEC server has
external load (i.e. the Fig. 9(b)), the Encoded Partial Offload-
ing strategy dominates when the available bandwidth is below
100 MHz and solar energy is below 13 J. After the bandwidth
reaches 150 MHz, we can observe some VUs use Partial Offload-
ing strategy. This is because Partial Offloading strategy transmits
the resized image without encoding, while the reduction in
computing delay dominates the growth of transmission delay
only when the transmission rate is very high. Also, there is
no Full Offloading strategy observed because the computing
capacity at VEC server is low because of load. Thus offloading
with VLC node executing DR subtask first can achieve higher
average QoS utility.

In Fig. 9(c), we can observe the optimal decision involves
different compression levels because of higher o which indi-
cates more importance of delay sacrificing some accuracy. We
can observe that VUs offload at the highest compression level
(i.e. lowest image quality, the triangle shape) when both the
bandwidth and solar energy are in lower availability. We also
observe some VUs transmit at the compression level 2 (e.g. the
pentagon shape at 10 J, 50 MHz) when the bandwidth is higher
than 50 MHz and available solar energy is in medium region
(i.e. 10J). In Fig. 9(d), we can also observe that VUs offload at
the highest compression level when the bandwidth availability
is low. After the available bandwidth exceeds 10 MHz, VUs
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Fig. 10. Impact of different offloading decisions on QoS utility under different

bandwidth resource availability when available solar energy is 13 J for 1 s time
slot and VEC server is (a) left, without external load and (b) with external load.

offload at the lowest compression level because the resulting
transmission delay will be small enough such that high accuracy
can be achieved.

For the sake of consistency in the granularity of dimensions
of the labels in Fig. 9, we did not show the condition when our
algorithm chooses compression level 3. Actually, in Fig. 9(c),
compression level 3 will be chosen at 10J, 25 MHz with Full Of-
floading strategy for 3 VUs while the rest 2 VUs use Local Only
strategy with compression level 1. Overall, Fig. 9 demonstrates
how VEC server’s computing capacity and different choices
of a impact the optimal partitioning and offloading strategy
for each VU under different resource availabilities. When the
algorithm emphasizes more on optimizing the end-to-end delay,
we observe some higher compression levels used by VUs for the
trade-off between accuracy and end-to-end delay.

While Fig. 9 shows the optimal offloading decisions by
SAMOA, Fig. 10 shows the resulting average QoS utility that
drives the decision for the above 5 VUs. We show two sce-
narios (VEC with and without load) under various bandwidth
conditions with 13 J of available solar energy and o = 0.8, and
show the QoS utilities for various offloading decisions. Note
that, a VU can always use Local Only strategy, if other available
strategies are not feasible in a parameter region. Fig. 10(a)
shows the results for VEC server without external load. The
red curve (i.e. Encoded Partial Offloading) tops the blue curve
(Full Offloading) when bandwidth availability is low (<5 MHz),
while the green curve (i.e. Full Offloading strategy) dominates
the others afterward. The observation matches the results in
Fig. 9(c), where the Full Offloading strategy dominates at high
solar energy and bandwidth regions. On the other hand, the
result for VEC server with external load is shown in Fig. 10(b).
We can observe the red curve dominates other curves until
bandwidthreaches 150 MHz, where the yellow curve (i.e. Partial
Offloading strategy) tops the red one. Also, the green curve is
always lower than either red or yellow curves. The observation
conforms with the results in Fig. 9(d).

Impact of system and application level adaption: Next we
present results to show the benefit of using system level as well
as application level (i.e. compression levels) adaptions. Fig. 11
shows the results for the scenario when the solar energy is 10J for
a time slot with 7 = 1 s and VEC server does not have external
load. In this figure, SAMOA-NC denotes the SAMOA algorithm

0.7
0.68
-.0.66
3 0.64 ‘, —-=-SAMOA-NC
8 SAMOA-NR
06 -+ SAMOA-NRC | -
06F
0.58 ‘ :
. 0 100 150

Bandwidth (MHz)

Fig. 11. QoS utility comparison of SAMOA, SAMOA-NC, SAMOA-NR,
SAMOA-NRC under varying bandwidth availabilities at solar energy 10 J and
VEC without external load.

with no additional compression (i.e. lowest fixed compression
level 1), SAMOA-NR denotes the SAMOA algorithm with
no reconfiguration (i.e., fixed VEC server configuration with
highest possible CPU-GPU frequencies in VEC_configl), and
SAMOA-NRC denotes the SAMOA algorithm with no addi-
tional compression and reconfiguration, i.e., fixed compression
level as SAMOA-NC and the fixed VEC server configuration as
SAMOA-NR.

Including the compression and reconfiguration, the gain in
the performance of SAMOA is apparent. When bandwidth is
above 60 MHz, the average QoS utility of SAMOA is 2%, 4%,
and 13% higher than SAMOA-NR, SAMOA-NC, and SAMOA-
NRC. The difference between SAMOA and SAMOA-NRC is
> 10%, shows the importance of joint system and application
level adaptation to improve the QoS utility performance.

B. Real-World Trace Driven Simulation

Next, we present the online performance of SAMOA using a
simulator we have developed [41], which allows creation of re-
alistic trace driven movements, topology, location, and channel
condition for each VU at every time slot. The tool simulates the
vehicle’s trace in a 1000x800 m? rectangular neighborhood in
Brooklyn, New York City based on historical vehicular traffic
data obtained from [42]. With the street topology and traces of
vehicles, the tool generates the SNR values from each VU to the
20 SRSUs located in the area. The SNR is generated by assuming
VU’s transmit power, p;, is 23 dbm and using B1 Manhattan grid
layout [27] as the pathloss and slow fading, and the Nakagami-m
distribution [28] as the fast fading for the uplink channel model.

At each time slot, we assume each VU is associated to the
SRSU which corresponds to the highest signal strength. For
the following experiment, we pick one of the SRSUs in this
area to demonstrate the simulation result. We assume each VU
will have 50% of probability to have a VLC node with capacity
VLC_configl and 50% of probability to have a VLC node with
capacity VLC_config2, which are listed in Table V. On the other
hand, at each time slot, we assume VEC server will have 50%
of probability to be without external load (VEC_configl) and
50% to be with external load (VEC_config2), with the specific
available CPU-GPU configurations as specified in Fig. 9.
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1) Compared Algorithms: We compare the performance of
SAMOA with two other relevant algorithms, MILP Solver [19]
and PFH-M [21], which are the two closest approaches to
SAMOA as they both allow task dependency aware partitioning
and offloading with limited VEC communication and computing
resources.

MILP Solver: In [19], the authors model the partitioning and
offloading problem as a Mixed Integer Linear Programming
(MILP) problem. They then propose to use existing standard
MILP software packages to find the optimal solution and mini-
mize the end-to-end delay of an DNN application.

PFM-H Algorithm: In [21], the authors address the challenges
of maximizing the throughput under limited edge computing and
communication resources using optimal task partitioning and
bandwidth allocation decisions. They formulate the problem to
a variant of Knapsack Problem and propose to find the heuristic
solution by using Performance Function Matrix based Heuristic
(PFM-H) algorithm.

Although the above two approaches consider the constrained
communication and computing capacities in VEC server, they
do not consider energy constraint. Therefore, we impose an
energy constraint check point after these approaches return their
offloading and partitioning solution. If the resulting energy con-
sumption violates the constraint, we ask all the VUs to execute
their tasks locally. We also present the performance of the naive
strategy, Local Only, which only allows VUs to execute their
tasks locally using VLC nodes.

2) Trace Driven Online Simulation Result: In this experi-
ment, we run the simulation for 1 h, starting from 9 AM. The
duration of each time slot is 1 s, namely, 7 = 1 s. Fig. 12(a) and
(b) demonstrate the average QoS utility over the total simulation
time for all the 4 algorithms under different solar panel sizes and
bandwidth, respectively. The average QoS utility of the total
simulation time is defined as the average of the QoS Utility of
every VU instance in every time slot during the total simulation
time. In the simulated neighborhood area of Brooklyn, because
vehicles are dense and vehicle speed is high, the end-to-end
delay is very critical to driving experience. Therefore, we set
a = 0.8, which make SAMOA emphasizes more on the end-to-
end delay.

Impact of solar panel size: In Fig. 12(a), the x-axis shows
the different solar panel sizes vary from 0.1 to 0.8 m?. The
bandwidth of the SRSU is 20 MHz and equally distributed
among the offloading VUs. When the solar panel size is 0.5 m?,
it is shown that the average QoS utility of SAMOA is the best
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Fig. 13.  PMF of the QoS utility for each individual VU using SAMOA and
MILP solver, with 20 MHz bandwidth and solar size equals (a). left, 0.3 m2 (b)
right, 0.8 m?.

among all the algorithms and is 18.4%, 24.8%, and 29.5% better
than MILP Solver, PFM-H, and Local Only, respectively. On
the other hand, the dash lines in Fig. 12(a) shows the end-to-end
delay and accuracy values corresponding to the specific average
QoS utility values. Note that except SAMOA, none of the above
algorithms can achieve the 120 ms end-to-end delay and 95%
accuracy simultaneously. SAMOA achieves the average QoS
utility of 120 ms end-to-end delay and 95% accuracy when solar
panel size is around 0.3 m?. Moreover, when the solar panel size
is higher than 0.55 m?, SAMOA delivers an average QoS utility
of 100 ms end-to-end delay and 95% accuracy.

Impact of bandwidth availability: In Fig. 12(b), the x-axis
shows the different available bandwidth varies from 0 to 80 MHz
and the solar panel size of SRSU is 0.5 m?. When the bandwidth
is 40 MHz, the average QoS utility of SAMOA is the best among
all the algorithms and is 16.6%, 26.3%, and 31.6% better than
MILP Solver, PEM-H, and Local Only, respectively. On the other
hand, except SAMOA, none of the above algorithms can achieve
the 120 ms end-to-end delay and 95% accuracy simultaneously.
SAMOA achieves an average QoS utility of 120 ms end-to-end
delay and 95% accuracy when the available bandwidth is around
2.5 MHz. Moreover, when available bandwidth is higher than
35 MHz, SAMOA achieves an average QoS utility of 100 ms
end-to-end delay and 95% accuracy.

Empirical probability mass function (PMF) of the QoS: In
Fig. 13, we show the empirical probability mass function (PMF)
of the individual QoS utility for the VUs. To clearly demonstrate
the gap between SAMOA and others, we compare SAMOA with
the second best algorithm, MILP Solver, in Fig. 13. In Fig. 13(a),
solar panel size is 0.3 m? and bandwidth is 20 MHz. Even though
the energy availability is low, 45% of the VU instances can still
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Fig. 14. Impact of different o values on the end-to-end delay and accuracy
performance.

achieve the QoS utility corresponds to 120 ms end-to-end delay
and 95% accuracy by using SAMOA algorithm while only 6%
of VUs achieves the same QoS utility by using MILP Solver.
When the solar panel size increases to 0.8 m2, in Fig. 13(b), the
VU instances that achieve the same QoS utility increases to 65%
by using SAMOA algorithm, which is 3 times larger than using
MILP Solver.

Impact of « values in delay and accuracy performance: In
Fig. 14, we show how the average end-to-end delay and accuracy
will change when « value changes from 0 to 1. For consistency
with Fig. 13, we also choose 20 MHz bandwidth with 0.3 m? and
0.8 m? solar panel size, respectively, for comparison. When
increases, the accuracy is reduced in exchange for the decreased
end-to-end delay. On the other hand, while the accuracy starts
to decrease at a« = 0.5 when solar panel size is 0.8 m2, it starts
decreasing earlier at v = 0.2 when solar panel size is 0.3 m?.
Although larger solar panel size leads to a lesser tunable range
for « values, the delay improvement is better. For example, the
end-to-end delay reduces by 7% when « increases from 0.5 to
1 for 0.8 m? solar panel size while the delay reduces just by 2%
for 0.3 m? solar panel size within the same range of «. With
results like Fig. 14, the SRSU operators or service providers can
jointly decide the optimal solar panel size and « value during
the SRSU deployment based on the desired delay and accuracy
performance.

C. Scalability of SRSU

Note that, in the empirical model and the experiment setup,
the maximum available number of offloading VUs Ny gc is
6. Herein, we demonstrate the performance of SAMOA when
both the capacity of SRSU and the number of served VUs are
scaled up. We emulate the scaled up computing capacity of
SRSU by adding additional Jetson TX2 boards to the SRSU. The
bandwidth and energy availabilities are scaled up in terms of Hz
and Joule, respectively. At each time slot, which has duration 1 s,
for a given instance which has more than 6 VUs, we execute the
following VU distribution algorithm before executing SAMOA.
VU distribution algorithm will first calculate the required
number of Jetson boards z,
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Fig. 15. QoS utility performance of the 4 algorithms with distributive com-
puting capacity expansion under different number of VUs.

where I is the total number of VU, Ny g¢ is 6 in our scenario,
and E} is the current available energy. We use | 2] to ensure
each active board has at least 10 J of energy for operation within
the time slot. Then the algorithm will sort VUs by their SNR
values and evenly distribute them by the sorted order into x
groups. Finally, the distribution algorithm will assign each group
to one Jetson board and execute SAMOA respectively for VUs
in that group. For performance comparison, we use the same
VU distribution algorithm for MILP Solver and PEM-H. Fig. 15
shows the numerical result of these three algorithms using the
distribution algorithm under different values of I. We consider
all the VUs are using VLC node configuration VLC_config2
and VEC servers (i.e. Jetson boards) without external load. The
average QoS utility is calculated after 10 rounds of simulations,
in which we randomly and uniformly generate the SNR values
between 10 to 50 dB for each VU in set Z.

Fig. 15 shows that with the same available bandwidth and
energy, SAMOA performs the best compared to the other two
algorithms and Local Only even when the number of VUs is
high. For example, when there are 20 VUs, SAMOA performs
17.1%, 24.4%, and 27.5% better than MILP Solver, PFM-H, and
Local Only approaches, respectively, with 80 MHz bandwidth
and 40 J solar energy. In low resource availability when there are
20 MHz bandwidth and 15 J solar energy, SAMOA’s capability
will be constrained, but still performs 9.1%, 8.6%, and 9.1%
better than MILP Solver, PFM-H, and Local Only approaches,
respectively, for 20 VUs.

Fig. 15 also shows that when the number of VUs exceeds 10,
only SAMOA can achieve the average QoS utility of 100 ms
end-to-end delay and 95% accuracy even when the available
bandwidth and energy resources are high (i.e. 80 MHz and 40 J).
SAMOA achieves the average QoS utility of 120 ms end-to-end
delay and 95% accuracy at lower resource availability (20 MHz
and 15 J) for up to 30 VUs. However, MILP Solver requires
higher available resources to achieve the same average QoS
utility for up to 30 VUs and PFM-H can only achieve the same
performance for up to 17 VUs.

The results in Fig. 15 clearly demonstrate the advantage of
SAMOA over other approaches. Moreover, the above trade-off
analysis between QoS utility and different resource availability
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Fig. 16.  Multi-core parallel processing of SAMOA using Nvidia Jetson TX2.

will enable the the service providers to identify the best SRSU
configurations given expected solar generation and VU density.

Run-time analysis: To measure the run-time complexity of
SAMOA, we implement SAMOA and the VU distribution al-
gorithm using Python on the Nvidia Jetson TX2 board. Since
the Nvidia Jetson TX2 platform allows parallel processing on
multiple cores, we have developed an efficient implementation
of SAMOA with parallel multi-core processing, as shown in
Fig. 16, where we parallelly distribute and execute all the ¢
DAFOS processes of a SAMOA algorithm to the M available
CPU cores on the edge computing platform. Note that c is
decided by the number of available CPU-GPU configurations.
In our experimental setup, ¢ = 6 and M = 6.

The resulting average execution time of SAMOA, Tyecision
is 250 ms, allowing SAMOA-based task partitioning decision to
be made as frequently as every 250 ms. Note that the end-to-end
delays for local execution of the vehicular object detection appli-
cation are 131 ms and 188 ms, respectively, using VLC_configl
and VLC_config2. Hence with reasonable size of VEC and VLC
configurations, this experimental result shows that the duration
of a time slot 7 can be defined as small as 250 ms, which
makes the assumption of the constant data rate within a time slot
more realistic while ensuring the completion of all the vehicular
computation tasks. Note that the application’s end-to-end delay
is independent of the execution time of SAMOA. SAMOA is
executed before a time slot starts, and the resulting decision is
used by each VU to partition and offload the application tasks
for multiple subsequent executions of the application during
the decision time slot, till the next execution of SAMOA and
resulting change in partitioning decision.

VIII. CONCLUSION

In this paper, we propose a real-time system and application
adaptive task partitioning and offloading algorithm, SAMOA, to
support the computation intensive applications of the vehicles
using solar-powered RSU. The algorithm jointly minimizes the
end-to-end delay and maximizes the object detection accuracy,
which we jointly define as QoS utility, based on the communica-
tion bandwidth, computing, and energy resources availabilities
at the SRSU, as well as the computing capacity at the VLC
nodes. We establish empirical models for the computation and
communication capacities as well as energy consumption of
SRSU. With the empirical model-based simulation, we show
that SAMOA significantly maximizes the average QoS utility

IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. 00, NO. 00, 2021

compared to existing techniques under various resource avail-
ability and VU density. As dense deployment of RSUs takes
place in our cities and neighborhoods in the next several years,
our research results will help service providers and city planners
to adopt solar energy based RSUs to avoid additional impact on
carbon footprint. Moreover, they will be able to use SAMOA and
the simulation and analysis tools we provide to identify adequate
SRSU designs, with appropriate computing, communication
and solar capacities, for the expected vehicular traffic load and
desired delay-accuracy performance. In future work, we plan to
investigate the addition of other RE sources (e.g., wind energy)
and battery to ensure energy diversity and guarantee service
availability in adverse weather conditions.
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