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Real-Time QoS Optimization for Vehicular Edge
Computing With Off-Grid Roadside Units

Yu-Jen Ku"”, Student Member, IEEE, Po-Han Chiang

Abstract—To sustainably provide low-latency communication
and edge computing for connected vehicles, a promising solution
is using Solar-powered Roadside Units (SRSUs), which consist
of small cell base stations and Mobile Edge Computing servers.
However, due to the intermittent nature of solar power, SRSUs
may suffer from a high risk of power deficiency, which will lead to
severe disruption of vehicular edge computing applications. In this
paper, we aim to address this challenge of Quality of Service (QoS)
loss (i.e., edge computing service outage for vehicle users (VUs)).
We formulate a QoS optimization problem for VUs and solve it in
two phases: an offline solar energy scheduling phase, and an online
user association and SRSU resource allocation phase. We simulate
our proposed technique in a dense SRSU network environment
with real-world urban vehicular traffic data and solar generation
profile. The simulation results show that our proposed approach
can significantly reduce QoS loss of vehicular edge computing ap-
plications using SRSUs, compared to existing techniques. Further,
the results are beneficial to service providers and city planners to
identify adequate SRSU configurations for expected solar energy
generation and edge computing service demands.

Index Terms—Solar energy, Multiuser channels, Mobile edge
computing, Roadside unit.

1. INTRODUCTION

OADSIDE Units (RSUs) equipped with small cell base
Rstations (SBSs) are evolving as a key infrastructure to
support connected vehicles. Due to the low latency and high
throughput, communications provided by SBSs to connected
vehicles, RSUs can enable or extend various vehicular appli-
cations, such as autonomous driving, road safety, infotainment,
and collaboration services [2]. Further, when augmented with
Mobile Edge Computing (MEC) servers, the RSUs can ful-
fill the computation-intensive needs of vehicular applications,
while maintaining low latency, through offloading vehicle users’
(VUs’) computing tasks to RSUs. The scenario has been defined
in literature as Vehicular Edge Computing (VEC) [3], [4].

In 2020, SBSs are projected to consume 4.4 TWh of energy
and emit 2.3 million tons of carbon dioxide equivalent (COxq,)
[5], [6]. Furthermore, dense deployments of RSUs are expected
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in order to support the massive growth of emerging connected
vehicles and their high throughput requirements [7], leading to
further power consumption and carbon emissions. One promis-
ing solution is the use of renewable energy (RE) in wireless
communications [8]. In order to enhance the sustainability of
RSUs by easing their grid power consumption, we proposed the
idea of Solar-powered Roadside Units (SRSUs) in [1], which
consist of SBS, MEC, and a self-sustained solar system.

The main challenge of adopting RE in an SRSU network is
the intermittent and fluctuating nature of RE (i.e., solar energy)
generation [9]. RE-powered VEC must consider the SRSU’s
communication and computing resources as opportunistic due to
the intermittent harvested RE. Further, RE-powered VEC must
also consider the VU’s high mobility and low application latency
requirement.

In this work, we consider that VUs offload their applications
(e.g., objectrecognition and collision prediction using camera or
lidar data) to the MEC server of the associated SRSU. For these
time-sensitive and computation-intensive applications, VUs will
send the raw data to SRSU and receive the processed results with
ultra-low latency. Such applications will inevitably suffer from
service degradation when the communication and/or computing
capacity of SRSU is limited. In this work, we aim to mini-
mize Quality of Service (QoS) loss in a dense SRSU network.
We define QoS loss as a weighted sum of instances of (i) service
outage (when no SRSU can serve the VU) and (ii) service
disruption (when the VU is handed over to another SRSU), over
total number of VUs.

In our preliminary work [1], we proposed an offline QoS
Loss Minimization Algorithm (QLM) to heuristically minimize
the weighted QoS loss using SRSUs. However, QLM assumes
accurate predictions of SRSUs’ solar generations and VUs’ of-
floading demands. The impact of prediction error on the perfor-
mance of QLM was not discussed. Moreover, the offline solution
provided by QLM cannot adapt to dynamic solar generation and
offloading demands. Finally, QLM assumes unlimited battery
capacity in order to provide an analytic solution, which is not
viable in real-world SRSU deployment.

In this work, given: (i) predictions of SRSUs’ solar gener-
ations and power consumptions, (ii) current VUs’ locations,
wireless channel conditions, and offloading demands, and (iii)
current SRSUSs’ stored energy, communication, and computing
resources, we propose to jointly solve solar energy schedul-
ing, VU-SRSU association, and SRSU resource allocation
problems. We propose to solve this problem in two phases:
(i) solar energy scheduling phase, which determines battery
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charging/discharging for SRSUs in advance in order to schedule
the available solar energy in each time slot, and (ii) user associ-
ation and resource allocation phase, which decides VU-SRSU
association and SRSU resource allocation in real-time to mini-
mize the weighted QoS loss, based on the available energy de-
termined from the first phase. Compared to QLM, the proposed
solution adapts the solar generations and offloading demands
dynamically in real-time. Our simulation results show that this
approach produces up to a 54% reduction in the weighted QoS
loss compared to our preliminary work in [1].

The contributions of this paper are summarized as follows:

1) To the best of our knowledge, this is the first work to
address the problem of using SRSUs in vehicular edge
computing. Specifically, the paper considers the problem
of SRSU edge computing and small cell communication
resource allocation problems given the real-time offload-
ing demands of the fast moving VUs as well as the limited
solar energy availabilities of SRSUs.

2) For the first time, service outage incurred when no SRSU
can serve a VU and service disruption caused by VU han-
dover between SRSUs are considered in defining QoS. We
propose a weighted QoS objective function to incorporate
preference between these two factors.

3) To optimize the weighted QoS, we propose a two-phase
approach consisting of an offline solar energy scheduling
(battery charging/discharging scheduling) phase and an
online user association and SRSU resource allocation
phase. The proposed approach is real-time adaptive to
offloading demands, locations, and channel conditions of
VUs, as well as SRSU resource availabilities.

4) To demonstrate the feasibility and effectiveness of the
proposed technique, we develop a simulation framework
consisting of real-world solar generation [ 10], urban traffic
profiles [11], and offloading demands. The simulation
results show that the proposed approach significantly
reduces the weighted QoS loss compared to existing
techniques.

The rest of the paper is organized as follows. We review
the related work in Section II. In Section III, the overview of
our system model and problem formulation is presented. In
Section IV we introduce the proposed two-phase approach. The
simulation results are presented in Section V and we conclude
in Section VI.

II. RELATED WORK

There have been various studies addressing either RE-
powered wireless communication system [12]— [14] or RE-
powered edge and cloud server network [15], [16]. However,
they do not jointly consider both wireless communication and
edge computing resources. For RE-powered MEC system, to
jointly consider these resources while using RE as the only
power supply, Mao et al. [17] address the fluctuating RE
challenges for computation task offloading between a single
BS-user link. Xu et al. [18], [19] characterize multiple as-
pects of RE-powered MEC system by Markov Decision Process
(MDP) states and propose an online learning-based algorithm to
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minimize system delay, battery depreciation, and backup power
supply cost. The above techniques only consider single-BS
scenario, while our work considers load-balancing and intercell
interference in the multi-BS scenario.

[20]-[22] address the challenges of RE-powered multi-BS
system, where each BS is equipped with a MEC server. [20] and
[21] provide online solutions to control MEC capacity based on
Lyapunov optimization [23]. In [20], Chen et al. aim at mini-
mizing system delay through workload balancing among BSs
under their long-term energy availability constraint, which does
not consider the real-time availability of RE. In [21], Wu ef al.
minimize the drop rate of computation task and downlink data
traffic due to excessive delay or lack of RE. The authors propose a
workload balancing and data traffic admission control solution.
However, they model the computation task and the downlink
data traffic separately. In VEC, delay constraint of vehicular
applications usually jointly constrains both task execution and
data transmission delay. Therefore, in this work, we consider a
joint delay constraint consisting of execution and transmission
delay. In [22], Gou et al. maximize the number of offloading
users by an algorithm that iteratively decides SBS coverage,
channel allocation, and MEC computing allocation. However,
compared to our proposed technique, the iterative nature of the
solution is not real-time adaptive to the current RE availability,
VU traffic, and offloading demand.

The above studies do not consider challenges specific to
characteristics of VUs, such as high mobility, fast-changing
channel condition, and ultra-low delay constraint. On the con-
trary, RE-powered Vehicle-to-Everything (V2X) studies [24]-
[26] take these VU characteristics into consideration. Yang et al.
[24] and Atoui et al. [25], [26] both consider a straight stretch
of road with RE-powered RSU deployed along it. Based on
vehicles’ locations and velocities, they schedule the uplink [24]
and downlink [25], [26] data transmission between BSs and
vehicles to maximize both network throughput [24] and the
number of served vehicles [25], [26]. These studies focus on data
transmission and do not consider the challenges for computation
task offloading in VEC. Also, these studies require vehicle to
buffer the data and transmit at the scheduled time slot, which
is not feasible for time-sensitive vehicular applications that our
research considers.

Without the use of RE, there are a few papers integrating both
MEC and V2X with in-grid RSUs [3], [4]. In [4], Zhang et al.
leverage vehicle-to-vehicle (V2V) technology and propose a
predictive task offloading scheme to address the communication
overhead when a vehicle is moving between different RSUs.
In [3], Dai et al. balance the offloading tasks from vehicles by
jointly considering vehicle mobility, transmission rate, and MEC
computing capacity to minimize task completion delay. These
two studies do not consider RE and how to utilize the opportunis-
tic MEC computing and V2X communication resources given
limited RE power supply is not discussed.

III. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we will first introduce our system model. Then
we define the weighted QoS loss and formulate a QoS loss
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TABLE I
SUMMARY OF KEY NOTATIONS AND ABBREVIATION

Notation  Description Notation ~ Description

B Index set of SRSU in the network xk; Association indicator of VU i and SRSU b

I Index set of VU in the network af Location of VU

Kpp Available downlink subcarriers of SRSU b Pt Power consumption of SRSU b

Kyp Auvailable uplink subcarriers of SRSU b L, Scheduled solar energy for SRSU b

U, Maximum computing speed of MEC b E} Battery level of SRSU b

4 SINR threshold for user association St Generated solar energy of SRSU b

wt Data generation rate of the on-board sensor of VU i uk; Computing speed of MEC b allocated to VU i

cf Computing resource required for processing the uploaded data of kf p; Number of uplink subcarriers of SBS b allocated to VU i

VUi

df Maximum delay of delay sensitive data ks pi Number of subcarriers of SBS b allocated to VU i for delay
sensitive downlink data

134 Data rate of delay tolerant downlink data kb pi Number of subcarriers of SBS b allocated to VU i for delay
tolerant downlink data

& Size of data processing result Emax Maximum battery capacity

of Maximum delay of delay tolerant downlink data

t(superscript): at the t*" time slot

minimization problem. For ease of reference, we list the key
notations of our system model in Table I.

A. Network and Channel Model

We consider an SRSU network with a set of SRSUs B. Each
SRSU consists of a communication module SBS and a compu-
tation module MEC server. For the sake of notation brevity, we
will use SBS b and MEC b to represent the SBS and MEC server
in SRSU b € B, respectively. The total operation time is equally
divided into 7 time slots. The duration of each time slot is 7.
At the #" time slot, there is a set of VUs I = {1,2,...,¢'} in
the network, where ¢ = |I'| is the number of VUs in I'*. We
denote the location of VU i € I* as a’.

At the t'" time slot, let 7%, ,; be the signal-to-interference-
noise ratio (SINR) of downlink transmission from SBS b to VU
i. 'l ,; is given by,

t
¢ DPvIbi
ND.bi = (1)
P Ny + D vcb PoTii

where g}, denotes the downlink channel gain, p, is the transmit
power of SBS b and Nj is the noise level. ' is the interfering
SBS, which operates the same frequency bands as SBS b.

Let rtD’ »; be the achievable downlink transmission rate from
SBS b to VU 1 per subcarrier,

oy = Wlog, (1 +np ) » )
where IV is the bandwidth per subcarrier. Similarly, we denote p;
as the transmit power of VU i and hf;, as the uplink channel gain.
The uplink transmission rate from VU i to SBS b per subcarrier
can thus be represented as,

iht
rh = Wlog, <1 +5 N“’) : 3)

0
where the interference from other VUs is negligible with fre-
quency reuse and bandwidth allocation techniques [27].
Note that in vehicular communication, the channel condition
between SRSU and VU changes rapidly due to mobility of VU.
Therefore, we assume the duration of time slot 7 to be small

enough so that the channel condition is unchanged within the
time slot.

B. Workload Model

In this work, we consider the case that VU has no spare
computing capacity, which is the case for current vehicles and
will be so for a vast majority of vehicles in the near future.
Therefore, each VU will offload all the computation tasks of
its vehicular applications. We refer to these tasks as workloads.
At the t*" time slot, each VU will generate a workload to be
offloaded, which is modeled by the following parameters. First,
w! is the data generation rate of the on-board sensor (e.g., camera
or Lidar) on VU ¢, which will be uplink transmitted to the
MEC server. Second, ¢! is the computing resource required for
processing the uploaded data, which is quantized as number of
machine instructions. Third, 6! is the processing result (e.g., an
alert/guidance message), which will be downloaded by VU i.
Fourth, d! is the delay requirement from MEC server receives
the data to VU 7 receives the result. Finally, VU may request to
download extra information from the MEC server or the Internet,
which has data size €/ and delay constraint 6. Note that the
MEC processing result is critical to driving safety and needs
low latency, therefore, df is much smaller than 0{. We refer to
the MEC processed data as delay sensitive downlink data, and
the extra information as delay tolerant downlink data.

C. SRSU Association and Resource Utilization

Let 2, = {0, 1} be the user association indicator at the t*"

time slot. z{, = 1 if VU i is associate with SRSU b (its data
processing tasks are thus offloaded to SRSU b), and z}, = 0
otherwise. At each time slot, we assume each VU can only
associate with one SRSU. A MEC server, on the other hand, can
serve workloads from different VUs by using techniques like
Virtual Machine (VM) [28]. Also note that workload cannot be
offloaded between different SRSUs.

To satisfy the workload demand, SRSU needs to allocate
adequate amounts of computing and communication resources
to each associated VU. In our case, the connection between VU
and SBS will create two bearers, one default bearer and one
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Guaranteed Bit Rate (GBR) bearer (i.e., dedicated bearer) [29].
Note that the delay tolerant downlink data is transmitted through
the default bearer, we let k7, ,; be the number of downlink
subcarriers allocated to VU ¢ by SBS b for this bearer at the
tth time slot. On the other hand, the offloaded data and the
delay sensitive downlink data are transmitted through the GBR
bearer. We denote kf;,; and k7, ,; as the number of uplink
and downlink subcarriers, respectively, used for the GBR bearer
between VU i by SBS b. We also denote u}, as the computing
speed, which is quantized as machine instructions per second,
of the VM server created for VU i by MEC b.

To ensure that the data generated by the on-board sensor will
not be dropped due to VU’s memory buffer overflowing, the
average uplink transmission rate of VU ¢ should be greater than
(or equal to) the data generation rate w! of the on-board sensor.
The uplink subcarriers allocated to VU 4, henceforth, should
satisfy the following constraint,

Z xZir%],bikE,bi > Z Thif - “
beB beB
To satisfy the downlink delay constraint, the number of sub-
carriers allocated to VU 1 for the delay tolerant downlink data
should satisfy,

t
Z T4 D bk DT bi > Z ﬁn% o)
beB beB !

Note that the delay sensitive downlink data need to be pro-
cessed and transmitted in low latency. Hence, the computing
speed of VM server and downlink subcarriers allocated to VU ¢
by SRSU b should satisfy the following,

i 5t
" ct ¢
> Thi |+ T
beB Up;  TDpi"DS,bi
On the other hand, the computing and communication re-
sources of each SRSU are limited, which is constrained by the
following three equations,

<> gl (6)

beB

ielt
> ahkiy < Kups (8)
ielt
Z i (Kpspi +kprwi) < Kb, ©))
iel®

where Uy is the maximum number of machine instructions the
processor of MEC b can execute per second [30]. Ky, and
Kp are SBS b’s maximum number of available sub-carriers
for uplink and downlink transmission, respectively.

D. Power Consumption Model

Power consumption of each SRSU is modeled by the power
consumption of MEC plus the power consumption of SBS. At
the ¢*" time slot, we denote ngb as the power consumption of
MEC b, which linearly increases with the overall processor’s
computing speed [28]. Let pjr,p, be the idle power of MEC b and
pc,p be the power consumption for each unit utilization of the
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processor’s speed of MEC b. Pé,b can then be represented by
the following equation,
PLy = Tpums +TDCb Y Thitth,. (10)
ielt
Besides, power consumption of SRSU also includes energy
consumed by the SBS. The energy consumption of SBS is the en-
ergy consumed by operating uplink and downlink transmissions.
Power consumption of uplink transmission is the circuit power
for demodulation and baseband processing. It increases linearly
with the number of active subcarriers [31]. Secondly, operating
downlink transmission consumes circuit and RF related power;
both are linearly increasing with the number of active downlink
subcarriers [32]. Hence, the power consumption of SBS at the
t*" time slot can be expressed as:

ot
Phy=1>_a (PD,b (Ttt

AP D,bi

+ kET,bi) + pU,bk%J,bi>

(1)

where py ;, is the idle power of SBS b, pyp is the circuit power
consumption per active uplink subcarrier, and pp  is the joint
circuitand transmission power consumption per active downlink
subcarrier. The overall power consumption of SRSU b at the ¢
time slot can, therefore, be represented as, P} = Pg’b + P)t(’b.

+ TPN,b,

E. Solar Generation and Battery Model

At the t'" time slot, let S} be the amount of energy harvested
from the solar panel of SRSU b. We assume S} is available at
the beginning of the ¢*" time slot and will be immediately stored
without any loss of energy. The battery level of SRSU b is de-
noted as E}, which is constrained by energy causality and battery
capacity. We assume battery is lossless and let E™** € (0, c0)
denote the battery capacity. Therefore, the battery level E}
should satisfy,

0< E{=FE""+5}, - P <E™™". (12)
F. QoS Model
The evaluation of QoS in this paper is defined according to the

instance of service outage and service disruption on workloads.

1) Service Outage: Because the energy, computing, and
communication resources are limited, SRSUs may not be able
to serve a VU while satisfying this VU’s workload requirements
(4)-(6). Because there is no computing capacity in a VU, service
outage happens when its workload cannot be offloaded to any
SRSU in the network. We denote the number of VUs experienc-
ing service outage at the t** time slot as Cfimp, which can be
calculated as,

Clrop = Y <1 - Zw&) , (13)

iel® beB

. e .
and the service outage rate is =522, where (* = |I*| is the total
number of VUs in the network at the t** time slot.
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Fig. 1.
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Two dimensions that are involved in solving P1: offline solar energy scheduling (temporal dimension), and online user association and resource allocation

(spatial dimension); also showing two scenarios describing the impact of energy scheduling (a) left, the condition with the absence of not performing energy
scheduling at SRSU A and (b) right, the condition when performing energy scheduling at SRSU A.

2) Service Disruption: Service disruption happens to a VU
when an SRSU hands it to another SRSU. The handover can
take place when a VU is leaving an SRSU’s coverage or when
we actively change its associated SRSU. During the handover,
the VU’s workload cannot be offloaded, leading to service
disruption. We denote the number of VUs experiencing service
disruption at the ' time slot as C!_ . . which can be
calculated as

-3 (2

ieI® \beB

tot-1
1*5 TpiLy;

beB

C;mndover (14)

Lo . . G} .
and the service disruption rate is —tadover,

The level of impact of the above two cases, service outage and
service disruption, on driving experience is different. In the first
case, the VU will be left unserved during the whole time slot.
However, in the second case, the duration of handover disruption
may be small. Once the VU is successfully associated with the
next SRSU, it can then be served by the MEC server during the
remaining period of the current time slot.

Therefore, we introduce a weighted factor £ < 1 on the ser-
vice disruption rate to capture the different impacts on VUs
between these cases. We then define the weighted QoS loss of
the t'" time slot as £, = (C%, ~+ xC! )/, and the

rop handover
weighted QoS loss of the total operation time as,

[— Zf:l <Cfl7'op + licfmndove'r)
- il

By properly adjusting x, solving P1 can effectively optimize
QoS for VUs, depending on the network policy.

15)

G. Problem Formulation

Our objective is to determine the user association mii, and the
resource allocation uj, kf],bi, kb i and ktDT,bi for VU i to
minimize the weighted QoS loss of the total operation time. The
decision is made at the beginning of each time slot based on the
current SRSUs’ available energy, computing, and computation
resources, as well as VUs’ locations, workload demands, and
wireless channel conditions.

The optimization problem is formulated as,

P1:

min
t t t t t . t
Ty kG i KD ik D s bty VIELT, VE

s.t. (4)—(9), (12)

o, <1, Viel', te[1,T],
xh,=1{0,1}, Viel' tell,T], (17)
Sty =D ahy Vie I te 1T (18)

beB beB

Constraint (16), together with (17), state that the workload
is not separable and cannot be offloaded to multiple SRSUs
simultaneously. Moreover, constraint (18) limits a VU to only
offload its workload to the SRSU that provides enough downlink
SINR, with the threshold being set by ~.

Furthermore, we assume to have the knowledge of the pre-
dicted profiles of SRSU’s solar energy generation and power
consumption in advance. These data will help us plan the uti-
lization of solar energy (i.e., the battery charging/discharging
scheduling strategy) for each SRSU. SRSU power consumption
and solar generation profiles are shown to be predictable in [10],
[33]. We will list the prediction performance in Section V-B and
further discuss the effect of prediction error on the optimization
problem.

IV. SOLUTION METHODOLOGY

The solution of P1 involves decisions in two dimensions, as
shown in Fig. 1. In the spatial dimension, feasible solutions of
user association and resource allocation at each time slot should
be decided to minimize the weighted QoS loss. However, the
decision at each time slot is coupled with the temporal solar
energy availability. As an example, if SRSU A in Fig. 1(a) uses
most of its solar energy (shown in the blue bar) in the ¢** time slot
to serve as many VU as possible, 3 VUs at the ¢ + 2¢" time slot
will experience service outage due to the lack of solar energy. But
if SRSU A reserves some energy and lets SRSU B serve more
VUs thanit served in Fig. 1(a), SRSU A will have enough energy
to serve all its VUs at the ¢ + 2" time slot, as Fig. 1(b) shows.
Based on this observation, we follow the logic of [14], [34], and
[35] to schedule the utilization of renewable energy for each time

372

373
374
375
376
377
378
379
380
381
382
383
384
385
386

387

388
389
390
391
392
393
394
395
396
397
398
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

Phase 1: (Offline) Phase 2: (Online) P.rcdiclcd dal.a.
Solar Energy Scheduling} User Association and Resource Allocation Current condition
Strategy
X Bat}er): Scheduled usage of solar energy
scheduling
L t=0 M t, t+l time
I 7 | l
R nbalnlndetateletelet VU location User | VUlocation UEm
| Solar generation | e i | ke A ot
! profile ! — + +
1 |1 Channel condition Reson { Channel condition R
1 esource | esource
' SRS({igzw:ﬁ[e ! Harvested solar Allocation | Harvested solar Allocation
 \—— energy i energy
Used at £ time slot | Used at t + 1t time slot

Fig. 2. The proposed two-phase approach, TQMA, to solve P1.

slot in advance so that multiple BSs will not run out of renewable
energy simultaneously. We therefore propose a two-phase QoS
loss Minimization Algorithm (TQMA). TQMA solves P1 in two
phases corresponding to the two dimensions: (i) solar energy
scheduling phase (temporal dimension), and (ii) user association
and resource allocation phase (spatial dimension). The process
flow of TQMA is depicted in Fig. 2. Note that Phase 1 is
executed offline based on the predicted profiles of SRSUs’ solar
generations and power consumptions, and Phase 2 is executed
online based on current (i) VUs’ workloads, locations, and
transmission rates, and (ii)) SRSUs’ available communication,
computing, and scheduled solar energy resources.

Fig. 3 shows the overview of the SRSU-assisted vehicular
edge computing network and the information flows for Phase 2
of TQMA. At the beginning of each time slot, each VU will
send the workload offloading request (blue arrows), including all
the workload parameters, to the SRSU it associated with. Each
SRSU will then send all the required information for Phase 2
decision to the SRSU network coordinator (green arrow). The
SRSU network coordinator will make the Phase 2 decision
and forward the resulting user association and SRSU resource
allocation decisions back to SRSUs (purple arrows). Note that
while the offloaded tasks are executed on the MECs associated
with the SRSUs, the network coordinator and hence the proposed
TQMA algorithm will be run in a separate server.

A. Phase I and Solar Energy Scheduling Algorithm (SESA)

We denote L} as the scheduled solar energy of SRSU b at the
tth time slot, which will be regarded as the maximum allowable
amount of energy for SRSU b to utilize at the ¢*" time slot.
We also define 7, = Lt /P} as SRSU b’s Solar Utilization Ratio
(SUR) for the t** time slot, where Plf is the predicted SRSU
power consumption. For SRSU b, the objective of Phase 1 is
to maximize the minimum value of SUR within the whole op-
eration time by optimally arranging the value of Lf, ¢ € [1,T].
Note that L! needs to follow the energy causality constraint,
0< S0 St LL < E™e t € [1,T], where S is the
predicted solar generation profile for SRSU b.

The rationale is to distribute the solar energy at each time
slot proportional to the SRSU’s expected power consumption.
This will prevent all SRSUs from having energy surplus and
deficit at the same time. Therefore, neighboring SRSUs can
better balance their power consumption based on their energy
availability in Phase 2. Moreover, this can also prevent SRSUs
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Fig. 3. Overview of the SRSU-assisted vehicular edge computing system,

including request and decision flows.

from fully depleting their batteries during the hours when solar
energy is not being generated.

It is inevitable that imperfect predictions will lead to a non-
optimal L}, ¢ € [1,T] when applied to actual solar generation
and SRSU power consumption. We will discuss the effect of
prediction error on performance in Section V-B.

To arrange L}, we propose the algorithm, SESA, which is
shown in Algorithm 1. To begin with, we initialize L} as S} for
each time slot ¢ € [1, 7. Let 3} be the expected battery level of
SRSU b at the t*" time slot, which is initialized as zero. Let ¢ rbe
the last time slot that we can schedule the solar energy to. ¢y is
initialized as 7" in line 2 of SESA. To satisfy the energy causality
constraint, we will start to schedule the solar energy iteratively
from the last time slot to the beginning. At each iteration, we
execute Procedure DistributeEnergy in SESA for the current
time slot ¢. In Procedure DistributeEnergy, we will decide how
much energy to be scheduled to each future time slot of ¢. We
will first calculate the SUR 7, for ¢ and the average SUR 7 for
the time slots between ¢ and ¢¢. If 7/ > 7, we will decrease the
value of L} until the new 7}, equals 7. The remaining energy
will be distributed to time slots ¢’ € (¢, ¢ ¢]. Each time slot ¢’ will
receive £ amount of energy that will be added to L} . We assume
e'' is proportional to the required energy for 7r}§/to reach 7 for t/.
The above steps are listed in lines 1-6 of DistributeEnergy.

However, during the scheduling process, the expected bat-
tery level may achieve the maximum capacity at any time slot
between ¢ and ;. Assume the maximum capacity is achieved
at t”, no more energy can be stored and scheduled from ¢ to
any time slot after t”. Let t* € (¢,t/] be the earliest time slot
that achieves the maximum battery capacity after ' is added
to each time slot ¢’ € (¢,t;]. We then set its expected battery
level 3{ to full and add the corresponding solar energy to L{ .
After that, we split (¢, t¢] into two segments: (¢,t*] and (t*,ts],
and recursively apply DistributeEnergy to these segments. The
recursive process, which is shown in lines 13-17 of Distribu-
teEnergy, ends when t* doesn’t exist within the new segment.
Finally, we update the value of ¢; and 3, ¢ € [1,T] in lines 15
and 19 of DistributeEnergy, then proceed to the next iteration.
SESA willreturn L{, ¢ € [1,T], until the solar energy scheduling
process is executed for all the time slots.

Therefore, at each time slot, SRSU b will drain Lj — S’é
amount of energy from the battery if L! — S% >0, or store

St — Lt amount of energy to the battery, otherwise.
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The complexity of SESA is O(T*?), where T is the number
of time slots. Since SESA is executed offline before the whole
operation time starts, the complexity will not affect the real-time
feasibility of our technique.

B. Phase 2 and the MRGAP Problem

In Phase 2, we formulate a user association and SRSU re-
source allocation problem to minimize the weighted QoS loss
L, at each time slot. At the t*" time slot, the above problem can
be formulated as

P2: min Cémp*’{;ltmndouw
Xt7 'l/)t
s.t. (4)—-(9)
t Tt

,;B% <1, Viel* o)
ol ={0,1}, Viel', Vb e B 20)
inintD,bi 2 Zziﬂ, Viel®, 1)
beB beB

P{ <min (L}, B, +S;) Vbe B 22)

where " = {k{; 1, K pis KD g i UpilieI, b € B} and x* =
{a!,]ieI', b € B }. Constraints (19) and (20) state that the
workload is not separable and can only be offloaded to one
SRSU. Constraint (21) limits a VU to only associate with the
SRSU which provides enough signal strength (with the SINR
threshold be ). Due to prediction error, it is possible that
an SRSU’s available energy is less than L. Therefore, the
power consumption of SRSU should be limited by the minimum
between actual available energy S} + Eé’l and scheduled solar
energy L, in (22).

We next show that P2 can be formulated as a variant of
Multi-Resource Generalized Assignment Problem (MRGAP)
[36]. MRGAP is originally proposed to minimize a total cost
when assigning items to containers under multiple resource
constraints. Given IV is a set of items, M is a set of containers,
and K is a set of multiple resources provided by containers to
the items, MRGAP is formulated as

MRGAP : min S ZmnTmn
TmnneN mEM (e N e 23)
s.t. > zpn=1, VneN
meM
Tmn =1{0,1}, Yne N, me M (24)
> VmnkTmn . YmEeM, ke K. (25

neN

where n is the index of the item, m is the index of the container,
and k is the index of the resource. x,,,, is the decision of whether
to assign item n to container m. z,,,, is the cost of assigning item
n to container m, w,,k is the maximum capacity on resource k
of container m, and vy, is the amount of resource k required
to assign item n to container m. Finding the optimal solution of
MRGAP is NP-Hard [37]. To map P2 to MRGAP, we consider
a special case where the assignment constraint (22) is relaxed to
Zme M Tmn <1, ¥n € N, which allows items without any

Algorithm 1: SESA.

Inputs:
1) Predicted solar generation profile {5} | ¢ € [1,T]}
2) Predicted SRSU power consumption profile
[P |te1,T])
3) Battery capacity £
Output:
Scheduled solar energy L = {L} | t € [1,T]}
1: initialize 3 < zeros(1,T)
20 LL SEovte [1,T), ty  tend
3:fort =t —1: ldo
4:  update 3, L, ty using DistributeEnergy(f3, L, t,ts)
5: end for
6:return L = {L; | t € [1,T]}
Procedure DistributeEnergy (3, L, ts,tf,b):
1: calculate 7 < .ijfts Ly

t=tg

Py
2: calculate 7, Vi € [t,, 1]
3:if rte > 7 && by > t, do
4: J+{t|rt <7, te(tsts]}
500 A LZ‘“ — ﬁPlfs, B+ B, e+ zeros(1,T)
6: calculatee!, Vt € J
7

ty ,
calculate 5" < "+ Y &', Vi€ [t ty)

t'=t+1
8 T« {t|pt> Em™= Vtelt,ty)}
9: if T ¢ $do
10: "+ mint, e* « (Eme — ')
teT

11: Bl Bt +e*, Ve [t 7]
122 Ly« L — &, P« L8 e
13:  update 3, I" from:

14: DistributeEnergy(§, L,t* + 1, tf,b)
15: typ -t

16: update 3, I', ¢y from:

17: DistributeEnergy(3, L, ts, ty,b)

18: else do

19: B« pB Ly« Ly — A

20: L}« Lj+ &, YVt e (ts, ty]
21:  return 3,1, ty

22: end if

23: else do

24: return 3,1, t¢

25: end if

assignment. Different from conventional MRGAP, this special
case always has a feasible solution.

Next, we show how P2 is mapped to the relaxed case of
MRGAP. Because P2 has a constant denominator /¢, we rewrite
the numerator of its objective function,

t t
Cdrop + HChandm;er

Y (1w (rty ) o

iel® beB

(26)

where Q(z, y) is an indicator function, it returns 1 if z = y, or
otherwise returns 0 (See Appendix A). Minimizing Eq. (26) is
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equivalent to minimizing its second term (i.e. the summation
of —1+x—r Qaf,, 2} ")), which can be mapped 0 2,
in MRGAP. Let M be the SRSU set B, IN be the VU set
I, and K to contain resources of the (i) computing speed, (ii)
downlink subcarriers, (iii) uplink subcarriers, and (iv) energy.
Let vpi1, Vb2, Upiz, and vp;4 be the amount of computing speed,
the number of uplink subcarriers, the number of downlink sub-
carriers, and the corresponding power consumption allocated
to VU ¢ by SRSU b, respectively. Consequently, P2 can be
formulated as a special case of MRGAP with relaxed constraint
(22) and additional constraints (21), (22), and (6).

Next, we develop a real-time heuristic algorithm H-URA
for P2. To begin with, let vgik denote the value of vy, in the
corresponding MRGAP problem of P2 at the ¢'" time slot. We
first show how many subcarriers for uplink and delay tolerant
downlink data transmission are needed to serve VU 7. The alloca-
tion of kf; ,; and k7. ;,; from SRSU b should follow constraints
(4) and (5), respectively. Once these constraints are satisfied,
there is no need to increase the value of kf;,; and kjp ;.
The constraints in (4), (5) thus, can be reduced to deterministic
allocation decision,

t t
k%],bi = f%» ktDT,bi = o

i (27)
U,bi eitrf:),bi

The value of v}, can, therefore, be set as w! /r}; ,; for VU 4.
On the other hand, the allocation of computing speed and down-
link subcarriers for the delay sensitive downlink data should
satisfy the joint delay constraint (6). Therefore, deterministic
allocation decision does not exist. A reasonable way is to define
v}, (required computing speed) and v},;; (required downlink
subcarriers) based on the availability of these two resources,

‘ 7KD71;+Ub C§
Ubil*ﬁ 2 )

(5t el
TD pidls 4 0irt bi

Meanwhile, v}, is set to be the power consumption for SRSU
b when utilizing v},,, v}y, and v},; amount of resources.

With the value of v}, vi.,, Vi3, and v}.,, we propose to
solve P2 by heuristically solving the Lagrangian dual problem
of its MRGAP form [38]. The Lagrangian dual of P2 can be

formulated as,
tot
PIPIE £+

ieI* beB

ot Kppy+Up
b13 Ub,b

(28)

min

P2ip: max
A stg Py b €ERBEB at . beB il

+ Z A, (Z Vb1

beB iel®

- Ub) + Zﬂi (Z ThiVhin — KU,b>

beB iel®

+ Z oh (Z ThiVhis — KD,b> + Z o <Z ThiVhia — Lg)

beB iel® beB iel®

s.t. (19)-(21),
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where Lj' = min( Lg,Elﬁ_l + SE). AL, pb, ph, and of are the
Lagrangian multipliers for dualizing constraints (7)-(9) and
(22). The optimality of P2rp for P2 depends on the values
of A}, up, pi and of. However, since the workload demands
will change in different time slots, the optimal values of these
Lagrangian multipliers will also change. Consequently, tradi-
tional searching-based methods [36], [38] to find the optimal
Lagrangian multipliers are time-consuming since the solution is
only applicable to the current time slot. Therefore, we propose
to define the Lagrangian multipliers as follows,

1 t—1 —17.t—1
Diert Ty Uy Dier i ki

Ay ="y . =
b Uy b Ky
-1 1
t Zze[t ! xbl ktD bi t . Pt ! 29
Py =7 KD,b ) 'yL/t 1 ( )

where 7 is a constant scaling factor. The rationale is as follows.
Consider two SRSUs which have the same zl’ii to VU i, we tend
not to assign this VU to the SRSU whose resources are more
likely to be fully utilized. The likelihood relies on the resource
utilization condition at the previous time slot.

lemma 1: With fixed A}, ub, p}, and o}, solving P2y is
equivalent to finding the SRSU which minimizes ¢} ,= 2}, +
Aot + phvl i, + phobis + obul, for each VU.

Proof: See Appendix B.

To further minimize the service disruption, we tend to assign
VU to the SRSU that locates on its future path. We propose
to use a Maximum Likelihood Markov Chain [39] to predict
the probability of a VU’s future location. First, we divide the
network neighborhood into A non-overlapping areas. Each area
is represented by a state in the Markov Chain. Second, we create
an |A| x | A| transition matrix A’ for this Markov Chain at the
t'" time slot, where |A| is the size of A. We define N! _ as the
total instances of VUs moving from area s, to area s, during any
consecutive time slots before ¢. The state transition probability
At can then be represented as A’ | = N! />, Nt .
Let by, be the SRSU which provides the best signal strength
to the geological center of area s,. If a VU is in area sj, the
probability that b, is the next SRSU for this VU to associate in
the next time slot is predicted as A . This probability is then
multiplied by « and added to g}, for each VU- SRSU pair. For

each s € A, the complexity of calculating >, , N! | is O(|A])
and hence the complexity of updating ASl 50 S1 €A, 8 € Als
O(]A[?). Note that in an SRSU network, the number of VU is
usually larger than | A|. Therefore, O(|A[?) < O(¢?).

Based on lemma 1 and At, we assign each VU to the SRSU
which corresponds to the VU’s minimal ¢f,. However, this as-
signment may not be valid since we relax constraints (7)-(9), and
(22) in P2. Therefore, we propose to make association decisions
for VUs one by one while checking if the decision satisfies the
relaxed constraints. We will pick the VU which has the largest
difference between its best and second-best ¢};, b € B, as the
highest priority VU to make the association decision for. We
then assign the VU to the SRSU that corresponds to the best gj,
if the constraints (7)-(9), (21), (22) of P2 can be satisfied, and
proceed to the next VU.
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Algorithm 2: H-URA.

Inputs:
1) The scheduled solar energy, battery level and solar
generation L}, E} ' St Vbe B
2) VU location {a!}, and workload
{wh,ct, ot d et 0}, Vi e I,
3) Channel conditions {g,| i € I',b € B}
4) System Parameters v, £"*, Kp 3, Ky p, and
Uy, Vb € B
5) Previous association indicators z}. ', Vi € I', Vb € B
6) Next SRSU probability prediction A’
7) Lagrangian multipliers A}, uf, pt and of,Vb € B
Output:
1) User association x!, and Resource allocation !
1: Initialization: L! < min( L}, B} ' + S!),Vb € B
2:visit_ UE <+ 0
3:Q" + {ah; bves, iert
4: while visit_UE < { && 3q}; # oo do
5: forVieI'do
6 b}« argminyes Qb
7: blz- — argminbeg\{bl} Q..
8.
9

end for
-k t
@+ max ngi bl

¢ il = 13+ {7}
10: {diyeis Kps s Kipeis kprpili € '} <
MCPA(C', b¥)
11: calculate P.. using (11)
12: if MCPA({', b*)# 0 && Pl < L. do
13: ).« 1,
14: forVie (' do
15: K pei ]%f],bw kKprpi kﬁ)T,b*is

b b,

Uhey 4= Uiy kg p = kg pes
16:  end for
17:  Q!,. < oo, Vb € B, visit_UE + visit_UE+1
18: else do
19: Q. < o0, ¢+ ¢\ {i"}
20: end if
21: end while
22: return !, 1!
Procedure MCPA((, b):
l:forVi e ¢ do
2 caleulate i}, kb .kl kb, using (27) and (31)
3: end for
4: if constraints (7)-(9), and (22) are satisfied for SRSU b
and every i € ¢ satisfies (21) and H} >0
return {;, ];tDS,bi’];;],bi’];tDT,biu €¢}
: else
return O
: end if

A

To check if a VU association satisfies the constraints (7)-(9),
(21), (22) of P2 and determine the optimal resource allocation
decision, we adopt the procedure Minimize SRSU Power Con-
sumption Algorithm (MPCA), which is proposed in our previous
work [1]. Given a VU set ¢ of an SRSU, MPCA will first check if

the SRSU can serve all the workloads from ¢. If possible, then
MPCA will allocate computing and communication resources
to the VUs in ¢ while minimizing the power consumption of
the SRSU (with the rationale to save solar energy). MPCA
determines the optimal resource allocation as follows. We have
argued the optimal value of ki, ,; and kpqp ;. To show the
optimal allocation of kf, ,; and uj,; in Eq. (31) for a given VU
set ¢ of SRSU b, we define the following terms for all the VUs

in ¢,

. &t .l . .
li = Ttle/(fﬁ » Pi = 75 » Wy = ZékDT,bi )
1/2 1/2
HE — Zie{ (%) yl = (ch) / i (1) / .
" Kpp-wj - Dieclt T d; (d§)1/2 ’
(30)

Then, the optimal resource allocation for uj; and kf,g ;,; will
be,

t(rt gt\1/2
1/2 y; (lid;) .
uhy = [yE(e)'"*] Bl = {H; ¢ G

The above resource allocation solution to minimize power
consumption of the SRSU can be solved by analyzing the prob-
lem’s Karush—Kuhn—Tucker (KKT) conditions [40] or using
convex optimization programming tools [41]. We omit the proof
here for the sake of brevity.

MPCA returns 0 if the KKT conditions are violated or con-
straints (7)—(9), (21), or (22) are not satisfied. Otherwise, MPCA
returns the optimal resource allocation decisions uj;, kf; ;.
kf-_)T’bi, and ktD&bi for each VU in ¢.

Based on the above discussion, we propose H-URA for
real-time user association and SRSU resource allocation, which
is shown in Algorithm 2. The pseudocode of MPCA is also
included in Algorithm 2. H-URA takes real-time VUs’ locations
workload demands, and channel conditions, as well as SRSUs’
resource availabilities and Lagrangian multipliers as input. To
begin with, Q' in line 3 of H-URA records the value of g},
for all the VU-SRSU pairs. The user association procedure is
determined by the while loop in lines 4-21. H-URA will decide
the highest priority VU to make the association decision for in
lines 5-9. If H-URA determines VU 7" as the highest priority VU
and b* is the SRSU corresponds to its minimal g} ;, then H-URA
will consider associating * with b*. H-URA will check if this
association satisfies all the constraints of P2 in lines 10 and 12 by
using MPCA. If constraints are satisfied, H-URA will confirm
the association, update the association indicator and resource
allocation decisions in lines 13-16. Note that ¢’ in line 9 is the
set of VUs that have been associated with SRSU b* by H-URA.
The elements in Q}, related to VU i* will then be set as oo in
line 17 so that VU ¢* will not be considered again in the next
iteration. If the constraints of P2 cannot be satisfied, H-URA
will set the value of Q... as co in line 19 and proceed to the
next iteration. The iteration ends when all the VUs are associated
with an SRSU or when all the elements in Q° are co.

Note that in the worst case, the while loop will iterate /B
times, which is the size of Q'. For each iteration, in the worst
case, the time complexity of lines 5-8 is £ B while the complexity
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TABLE II
KEY PARAMETERS IN SIMULATION FRAMEWORK

Parameter  Value Parameter  Value

= 0 t t+1 time
T
VU location |Channel |

and workload [condition;
1

Emax VU location | Channel

and workload | condition

{Pf|t € [1,T),b € B} A At
" Sf,”
{Sh|te[LTL.b e B}

Lagrangian
multipliers

H-URA

EfT

t+1
Ep

e {xbi ubi ki pi Kby bis Kbs.pi| § € I, b € B}

(bt upit kG ki kbshi| i € 1Y, b € B} +

Fig. 4. Breakdown of TQMA algorithm.

o 4 pepn A

_______________

e

Fig. 5. A neighborhood in Brooklyn, NY and SRSU deployment studied in
this paper [42].

of other steps is less than or equal to ¢. On the other hand, the
complexity of updating At is less than O(?). Therefore, the
time complexity of H-URA is O(¢*> B?) for time slot ¢. Hence,
H-URA is possible to be executed in real-time for reasonable
sizes of the current VU set I'* and SRSU set B. This is validated
with experimental results reported in the next section.

By combining the proposed SESA and H-URA algorithms,
we present our proposed heuristic method to solve P1, TQMA,
as shown in Fig. 4. In Phase 1, SESA will schedule the solar
energy for each time slot. Then, H-URA will be executed at
each time slot to make user association the resource allocation
decisions real-time in Phase 2.

V. EXPERIMENTAL RESULT
A. Simulation Framework

The objective of our simulation framework is to observe
the weighted QoS loss performance of different solar energy
scheduling, user association, and SRSU resource allocation
strategies. In the simulation results below, we assume that VUs
offload object detection tasks to SRSUs. In the meantime, some
VUs will request to download videos as the delay tolerant down-
link data. To simulate realistic VU movement and topology, we
take a 1000«800 (meters) rectangular area in Brooklyn, New
York City, as shown in Fig. 5. We use historical vehicular traffic
data in this area collected by New York State Department of
Transportation [11]. Fig. 5 also shows the placement of 20
SRSUs used in our simulation environment.

We list the related simulation parameters in Table II. The
duration of each time slot 7 is 1 second. Because the duration of
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the handover process in LTE-A can be less than 100 ms [43], we
set k = 0.1. Total simulation time is 24 hours, starting from 9
AM to include both day and night. Therefore, T is 86400.

At the beginning of each time slot, VUs enter the area from
both ends of each street following a Poisson distribution with
rate ©. Each VU travels with predetermined route and speed.
The travel route decision, speed, and © are set in a manner that
the average traffic volume of each street satisfies the historical
data in [11]. Furthermore, the channel model and the transmit
power of SRSUs and VUs are listed in Table II [44], [45]. We
set A = 40 for the next SRSU prediction.

To model the workload, we assume that each VU will upload
an H.264 encoded video file with the data rate w! be uniformly
distributed between 11 and 13.5 MB/s. It requires 10 million
instructions per second (MIPS) as ¢! for video processing,
including decoding and object detection [1] at the MEC. We as-
sume the size of the delay sensitive downlink data §! is uniformly
distributed between 0.1 and 0.3 MB and the delay constraint
dt is 0.1s. In the meantime, VUs will have 0.25 probability to
download a video file with size uniformly distributed between 7
and 9 MB as the delay tolerant downlink data, which has delay
constraint 6! = 1s.

We model the downlink and uplink channel gains, g;, and
hﬁb, by using Manhattan grid layout (B1) in [46] as the pathloss
and slow fading, and the Nakagami-m distribution [47] as the
fast fading, which have been widely used by the industry [44],
[48] and are shown to be sufficient to model the vehicular
communication channel [47].

The subcarriers are allocated to VUs in groups, and each group
has 12 subcarriers (i.e., W = 180kHz/group) [49]. Multiple
groups of subcarriers can be allocated to the same VU simultane-
ously. We assume each SRSU can utilize 710 subcarrier groups
concurrently for each direction of transmission. To improve the
inter-cell interference, we adopt the frequency reuse mapping
technique [50] with reuse factor 3.

We model the MEC server of an SRSU by a Raspberry Pi 2
Model B [51], which is used to serve the offloaded workloads.
Its corresponding computing resource and power consumption
profiles are specified in Table II.

For the solar generation profile, we use the data collected at
multiple sites in UC San Diego [10]. We normalize the solar
energy data and assume the solar panel size is 1 m? for each
SRSU. We use the proposed algorithm in [10] to predict solar
generation profiles 24 hours in advance.
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To compare against SESA, we use a best-effort technique,
denoted as the Best effort Solar Energy scheduling Algorithm
(BSEA). BSEA consists of a best-effort solar energy scheduling
strategy and the same user association and SRSU resource
allocation technique (H-URA) as TQMA. BSEA allows each
SRSU to serve the associated VUs without constrained by the
scheduled solar energy.

Another comparison is the Green energy and delay Aware
User association and Resource Allocation (GAURA) algorithm
proposed by [14]. GAURA is a combination of battery charg-
ing/discharging scheduling, SBS transmit power control, and
user association algorithms, which is the closest approach to
TQMA compared to other works. We assume GAURA follows
the same way of H-URA to allocate subcarriers for uplink and the
delay tolerant downlink data transmission. On the other hand, to
fulfill the delay constraint in (6), we assume that GAURA will
allocate k%, s.p; downlink subcarriers and up, computing speed
to VU i by the ratio: uj; = 4k} ;.

We also compare TQMA with our previous approach, QLM
[1]. We assume that QLM has accurate predictions of VU’s
location and workload.

In the following sub-section, we will first present a per-
formance comparison of our proposed TQMA with BSEA,
GAURA, and QLM. Second, to show the efficiency of the Phase
2 algorithm, H-URA, a dynamic programming based Optimal
User association and Resource allocation Algorithm (OPTA)
[52] is implemented. Since [52] does not solve phase 1, we use
the proposed SESA as the Phase 1 algorithm. We will compare
the performance of TQMA and OPTA to show the efficiency
of our proposed Phase 2 algorithm, H-URA. We introduce and
analyze the complexity of OPTA in Appendix C. Third, to show
the gap between the optimal solution and the proposed TQMA
algorithm, we implement the exhaustive search method for P1.
The complexity analysis of the exhaustive search method is listed
in Appendix D. Finally, we will show the effect of solar energy
prediction error on the performance of TQMA.

B. Simulation Results

We have implemented the proposed TQMA algorithm using
MATLAB on a computer with a 3.8 GHz CPU, which is used to
perform the offline battery scheduling and online user associa-
tion and resource allocation for all the SRSUs in a neighborhood,
like shown in Fig. 5. Note that a TQMA instance will be respon-
sible for the SRSUs and the VUs of each such neighborhood.
Since the battery scheduling algorithm SESA is run offline,
we focus here on the run-time performance of H-URA. From
our simulation-based experiments, the worst-case run-time of
H-URA algorithm for a time slot is less than 180 ms. This is
well below the time interval of 1s H-URA is executed (each
time slot). Note that the input information (e.g., VU locations,
workloads, and harvested solar) will not change dramatically
during the 180 ms run-time of H-URA. Hence, we can conclude
that H-URA is real-time, validating our time complexity based
assertion in Section I'V-B.

1) Performance Comparison of TOMA With Other Tech-
niques: The weighted QoS loss performance of TQMA, BSEA,

QLM, and GAURA are 0.125, 0.145, 0274, and 0.453, respec-
tively. The performance of TQMA is the best compared to other
techniques. To further discuss the effect of the above algorithms
on individual VUs, we define service outage time ratio and
service disruption time ratio for each VU as the following:

service outage time

(32)

service outage time ratio =

service request time

service disruption time

(33)

service disruption time ratio = - -
service request time

where the service outage time is the duration that this VU is
experiencing the service outage, the service disruption time is
the duration that this VU is experiencing the service disruption.
The service request time is the duration that this VU is in the
neighborhood and sending offloading demands.

In Fig. 6, we show the empirical cumulative distribution
function (CDF) of the service outage time ratio and service
disruption time ratio for the VUs. In Fig. 6(a), 86.2% of the VUs
are served by the SRSUs for at least 80% of the service request
time (service outage time ratio < 0.2) by using TQMA. On the
contrary, 85.8%, 47%, and 40% of the VUs are served by SRSUs
for at least 80% of their service request time by using BSEA,
QLM, and GAURA algorithms, respectively. The performance
of BSEA is close to TQMA because they share the same H-URA
algorithm.

On the other hand, in Fig. 6(b), we can see that 85.7% of the
VUs have less than 50% of their service request time experienc-
ing the service disruption (the service disruption time ratio <
0.5) by using TQMA. Compared to TQMA, 9.6%, 59.6%, and
90.1% of the VUs have the service disruption time ratio < 0.5 by
using QLM, BSEA, and GAURA, respectively. QLM performs
the worst because it will first consider associating a VU to the
SRSU which provides the best signal strength, regardless of
the VU’s location, future movement, and the current associated
SRSU. Compared to other algorithms, TQMA enables more
VUs being served by SRSUs for longer duration while reducing
their chances of experiencing service disruption.

Fig. 7 shows the weighted QoS loss performance comparison
of the above algorithms under various system parameters (i.e.,
solar panel size, available computing speed, subcarrier groups,
and battery capacity of SRSU). Fig. 7(a) shows the weighted
QoS loss performance of these four algorithms under different
solar energy availabilities, which are controlled by changing
the solar panel size. TQMA has the best performance in terms
of the weighted QoS loss among all the listed algorithms for
different solar panel sizes. For instance, when the solar panel
size equals 1 m?, the performance of TQMA is 13.8% better than
BSEA, 54.4% better than QLM, and 72.5% better than GAURA.
The QoS loss of TQMA decreases while the solar panel size
increases. However, the decrease starts to slow down and stops
after the solar panel size exceeds 1.1 m”. It is because the
bottleneck of the performance becomes other limited resources
after SRSU has enough solar energy.

From Fig. 7(b), we can observe that the weighted QoS loss de-
creases when the available number of subcarrier groups of each
SRSU increases. Again, TQMA outperforms other algorithms.
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The empirical cumulative distribution function of (a) left, the service outage time ratio and (b) right, the service disruption time ratio for individual VUs.
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groups of SRSU, (c) lower left, different available computing speeds of SRSU, and (d) lower right, different battery capacities of SRSU.

The performance gap between TQMA and the second-best algo-
rithm, BSEA, grows with the number of subcarrier groups. The
gap grows from 0.0273 to 0.0353 when the number of subcarrier
groups increases from 250 to 1050, which shows that TQMA can
more efficiently utilize these increased subcarrier resource.

In Fig. 7(c), the weighted QoS loss decreases when the avail-
able computing speed of each SRSU increases. Again, TQMA
outperforms the other three algorithms under all conditions.
Notice that the performance of TQMA improves slowly after the

available computing speed exceeds 3520 MIPS. The weighted
QoS loss only improves 0.0048 (i.e., 4%) from 3520 MIPS to
5280 MIPS. The performance of GAURA rises vastly in low
available computing speed conditions, as its resource allocation
mechanism (i.e., uj; = 4k}, ;) will put a heavier burden on
utilizing the computing speed than downlink subcarrier groups,
especially in low available computing speed conditions.

In Fig. 7(d), the weighted QoS loss increases rapidly after the
battery capacity decreases to a certain level. For TQMA, QLM,
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(a) left, the weighted QoS loss performance of various algorithms on different solar panel sizes, (b) center, the weighted QoS loss performance of various

algorithms on different Average VU densities, and (c) right, the peak time complexity of various algorithms on different Average VU densities.

and BSEA, we can observe that the critical point is 400 Wh. The
weighted QoS loss starts to increase below this capacity because
the capacity cannot fulfill the SRSU’s power demand at night
when there is no solar energy generated.

The results in Fig. 7 demonstrate the tradeoff between QoS
and different resource availabilities, including solar panel sizes,
battery capacities, MEC specifications, and configurations of
SBS (subcarriers). This enables the service providers to identify
what might be the best configurations of SRSU for expected
solar generations and offloading demand profiles.

2) Performance Comparison With OPTA: In this compar-
ison, we investigate the efficiency of our proposed Phase 2
algorithm, H-URA, by comparing TQMA to QLM and OPTA.
To lower the complexity, we consider a smaller neighborhood
surrounded by the dashed rectangle in Fig. 5. There are 2 SRSUs
in this neighborhood and less than 14 VUs during peak hours. We
equally divide the available computing speed into 5 levels and
allocate them to each VU by levels. Subcarriers are divided into
5 groups. Fig. 8(a) shows the weighted QoS loss performance
of QLM, TQMA, and OPTA when the solar panel size varies
from 0.76 m? to 0.98 m?. When the solar panel size is 0.9 m?,
the performance gap is 0.109 between TQMA and OPTA, while
the gap between QLM and OPTA is 0.244. In terms of the peak
time complexity (i.e., the recorded longest computation time for
a time slot), TQMA takes 0.0938s while OPTA requires 333.5s
when running on a 3.8 GHz CPU.

In Fig. 8(b), we present the weighted QoS loss performance
of these 3 algorithms on different average VU density scenarios.
The average VU density is calculated as Y, |I*|/T, where I'*
is the VU set at the ¢! time slot and 7 is the total number
of time slots. We control the value of the average VU density
by changing the vehicle generating rate ©. In the meantime,
Fig. 8(c) shows the corresponding peak time complexity. The
gap between TQMA and OPTA increases linearly from 0.01
to 0.211 when the average VU density increases from 1.6 to
8.1. However, the corresponding peak time complexity of OPTA
increases exponentially from 78.7s to 1047s. Although OPTA’s
dynamic programming Phase 2 algorithm provides promising
QoS performance under different solar energy availability and
average VU density conditions, it is prohibitively expensive in
terms of time complexity. On the contrary, our proposed Phase
2 algorithm H-URA can keep the peak time complexity low
for real-time decision making while compromising somewhat
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Fig. 9. The weighted QoS loss performance of TQMA, OPTA, and BSEA,
compared with the optimal solution using exhaustive search.

on optimal QoS performance though significantly better than
QLM.

3) Performance Comparison With Exhaustive Search: In
this experiment, we investigate the efficiency of our proposed
TQMA algorithm for solving P1 by comparing with an ex-
haustive search method, which finds the optimal solution for
P1. The exhaustive search method searches all the solar en-
ergy scheduling possibilities and uses dynamic programming
algorithm (i.e. OPTA’s Phase 2 algorithm) for user association
and resource allocation for each solar energy scheduling pos-
sibility. Fig. 9 shows the performance comparison of BSEA,
TQMA, OPTA, and the exhaustive search method. As shown in
Appendix D, the complexity of the exhaustive search method

is O(TUPKyPKpBt1e2, . B*T'Y), where ! is the factorial
function, S is the maximum harvested solar energy of a time slot,
and 4,,,4. 1s the maximum number of VUs for a time slot. Due to
the extremely high complexity, in this experiment we simulate
only 4 time slots to represent a day (i.e., the gap between each
slot is 6 hours). The granularity of the solar energy scheduling
decision is 10 W. We consider the same neighborhood as in
the previous subsection. Similar to the previous subsection, we
control the value of the average VU density by changing the
value of the vehicle generating rate ©. We equally divide the
available computing speed into 5 levels and allocate them to
each VU by levels. The subcarriers are divided into 5 groups.
Compared to BSEA, where no solar energy scheduling algorithm
is implemented, TQMA’s performance is closer to the optimal
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TABLE III
PERFORMANCE WITH PREDICTION ERROR

Solar Prediction Error Performance

Day #1 MAE | MAPE(%) | RMSE | QoS loss SO! SD?

Prediction | 3 3 6.61% 573 125 874 | 375
Error

No error - - - 12.0 8.23 37.6

Day#2 | MAE | MAPE | RMSE | QoSloss | SD | SO°

Prediction | ¢ o3 49.8% 18.29 37.8 353 | 242
error

No error - - - 37.2 34.8 25.1

1SD: Service disruption rate (%), °SO: Service outage rate (%)

solution. The performance gap between TQMA and the optimal
solution is 0.15 under regular traffic conditions (i.e. average VU
density = 5.0). However, the peak time complexity of TQMA is
19.2ms, while the exhaustive search method requires 192,038s
when running on a 3.8 GHz CPU. Therefore, finding the op-
timal solution is prohibitively expensive in terms of peak time
complexity. To show their performances for high VU density
scenarios, we increase © and create a 5.5 average VU density
scenario. The weighted QoS loss gap between TQMA and the
optimal solution is 0.14, which is almost the same as the gap
when the average VU density is 5.0. But the peak time complex-
ity of the exhaustive search method increases to 228,220s while
TQMA only requires 20.3ms. Therefore, our proposed TQMA
is more efficient in terms of both the peak time complexity and
the weighted QoS loss.

To further investigate the cause of the performance gap be-
tween TQMA and the exhaustive search method, we include
the performance of OPTA in Fig. 9. OPTA achieves the same
weighted QoS loss as the optimal value. Because TQMA and
OPTA share the same solar energy scheduling algorithm, the per-
formance of OPTA shows that the gap between TQMA and the
optimal value is due to the heuristic user association and resource
allocation. Moreover, OPTA also demonstrates an approach for
narrowing the performance gap without sacrificing largely on
the time complexity. Its peak time complexity is 144.7s under
regular traffic conditions, which is between TQMA (i.e. 19.2
ms) and the exhausted search method (i.e. 192038 s). Note that
the performance of OPTA converges to the optimal value in
Fig. 9 because this experiment is conducted under a limited-scale
scenario. In fact, OPTA is not an optimal approach for P1 as it
considers only one solar energy scheduling possibility.

4) Effect of Prediction Error on TOMA: Finally, in this sub-
section, we present the effect of the prediction error of solar
generation on the performance of TQMA. For each experiment,
we run TQMA two times with the same simulation settings. For
the first time, we use the predicted solar generation profile for
SESA. The second time, we use the exact solar generation profile
(no prediction error) for SESA.

The simulation results of two different days are shown in
Table III, where SD is the service disruption rate and SO is the
service outage rate. For day number 1, we observe prosperous
and less intermittent solar generation since the weather is mostly
sunny. Therefore, the prediction error is very small. We observe
that its weighted QoS loss, SD, and SO are very similar with and
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without solar prediction error (compared to no prediction error).
The weighted QoS loss of using solar prediction increases by
0.5(4.2%) compared to no prediction case. On the other hand,
for day number 2, we observe poor and highly intermittent solar
generation since the weather is partly sunny and partly cloudy.
Consequently, the prediction error is worse than day number
1. The weighted QoS loss of using solar prediction increases by
0.6(1.6%) compared to no prediction error case. Its SO increases
by 0.5% and SD drops by 0.9%. In this case, SD drops because
SO increases. If a VU is experiencing service outage, it will
not be counted as service disruption. Although the prediction
error increases, the performance drop of TQMA in terms of the
increased weighted QoS loss is still under 5%.

VI. CONCLUSION

In this paper, we propose a real-time QoS loss minimization
algorithm to support the offloading of delay sensitive vehicular
applications in a Solar-powered RSU network. The algorithm
involves a two-phase approach: (i) the solar energy scheduling
phase and (ii) the user association and resource allocation phase.
SESA and H-URA respectively are developed for these two
phases. A complete algorithm, TQMA, is proposed by integrat-
ing the above two algorithms which our simulation shows to
significantly reduce the weighted QoS loss for the total operation
time compared to existing techniques under various resource
availabilities. The results help service providers and city plan-
ners to identify adequate SRSU configurations for expected solar
energy generation and offloading demands.

Since solar power can be low due to weather conditions, our
proposed approach cannot mitigate all risks of VUs experiencing
high QoS loss alone. In future work, we plan to investigate
the addition of other RE sources (e.g., wind energy) to ensure
energy diversity and thus reduce risks to QoS loss in adverse
weather conditions. Further, we plan to implement TQMA in
a RE-powered road infrastructure prototype that will show the
feasibility of the proposed algorithm for a sustainable SRSU
network in a real-world scenario.

APPENDIX

A. Proof of Eq. 26
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B. Proof of Lemma 1

With fixed Lagrangian multipliers A}, uf, pf, and o}, P21,p
is reduced to:

! . : t .t
P2ip: . inanl It E E “biThi
Tyis €b,1e eIt beB
t t .t t t .t
+ E Ay <§ ThiVhi1 — Ub) + E My (E Ty Vhin — KU,b)
beB ielt beB iel®
t t .t t t .t It
+ E Py (E T Vb3 — KDJ:) + E gy (E Ty Vpia — Lb)
beB ielt beB iel®

s.t. (19)=(21),

The objective function of P2} 1 can then be rewritten as
to(t )t t,t ¢t t,t
Z Z Thi (2; + AMVbit + HoVbiz + PbViz + T4 Vhia)
ieI beB

— Z (kéUb + ,UZKU,Z) + PZKD,b + O’It)Lg) ,
beB

(34)

where the second term is a constant. Therefore, P2} ; is equal
to,

" . .

P2ip: ,min

xy,,beB iel

Z Z Thi b

ielt beB

s.t. (19)=(21),

with g = 25, + Avhs + Uk + P4V F T4 Vb

Note that ¢}, and constraints (19)-(21) are separate for dif-
ferent VUs. Therefore, the optimal solution of P27 1 (which is
also the optimal solution of P2y,p) will be finding the SRSU
which minimizes ¢}, under constraints (19)-(21) for each VU.

C. OPTA Algorithm

Since we have introduced SESA in Section IV-A, in this
appendix, we analysis the complexity of OPTA’s Phase 2 algo-
rithm, which is based on dynamic programming. For a given
instance of Phase 2, integers i, n, «j, ..., azp, We use
fli,n,ay,...,asp) to represent the optimal value of P2 with
B SRSUs, which considers the VU set {1,2,...,i} C I and
allows at most n dropped VUs. Furthermore, each SRSU b
utilizes exactly aszp-—» amount of computing speed, a,—; up-
link subcarriers, and «3, downlink subcarriers. To track the
optimal user association and resource allocation decisions, we
let X (i,m,ay,...,asp) and ¥(i,n, ay,...,asp) be the corre-
sponding user association and computing speed allocation of
VU ¢+ for the instances i,n,aq,...,a3p. We only track the
allocation of computing speed because once we get z}, from
X, the optimal &f; ,;, k})p,,; can be derived by choosing the
smallest possible values which satisfy workload constraints (4),
(5). With the recorded uj, in ¥, we can calculate the optimal
kD s.p; by delay constraint (6).

The core formula of OPTA is,

f(i,n,al,...7a3B) =

oo ifn<0
oo ifdbeB, azpr <0orazp_; <0orasz <0
0 ifi=0,n>0, a3 2>0, azp—1 >0, az, >0,
Vbe B
oo if 3be B, Pl (asp-,az-1,03) < LY
min (Ay, Ay) otherwise
(35)

where P}f (a3p-2, 3p—1, 3p) returns the corresponding power
consumption of SRSU b for utilizing a3, amount of com-
puting speed, a3p—; uplink subcarriers, and a3, downlink sub-
carriers. Ly} = min( L{, E}~' + Sf) is for SRSU b to follow
constraint (22). Ay =1+ f(i —1,n— 1,ay,...,a3p) is the
optimal value when choosing not to serve VU 4. Finally, A, is the
optimal value considering all possible values of z},, ul. b € B
for VU 4, and can be defined as,

. t . t
A= min z, + f(z—l,n,al, ey O3p_) — Upy,,
t t
Thia Up;
t t t
Q3p—1 — k'U,bp a3y — kDT,bi - kDS,biv cee ,a3B) (36)

with &{; ;5 kD745 and Kl 5 4, be the optimal numbers of uplink
and downlink subcarriers correspond to z}, and u},. Note that
in (36), ifntDM >,z =—14 Kk — Q2 :cz;l), otherwise
25 = oo.

f is initialized by an arbitrarily large value. X and W are ini-
tialized as zero matrices. We recursively calculate the elements
in f forifrom 1to ¢, nfrom 1to ¥, asp_o from 1to Uy, azp— 1 from
1 to Ky, asp, from 1 to Kp p, Vb € B, until all the elements
in f are updated. We record the corresponding optimal values
of zj.and uf, inX (i,n,aq,...,a3p) and ¥(i,n, oy, ...,a3p),
respectively. The optimal value of P2 is then the smallest el-
ement in matrix f(¢,¢,:,...,:) (i.e., f with the specific in-
diCCS, L= f, n = E, 1 < Q3p—2 < Ub, 1 < Q3p—1 < KU,b, and
1 < as, < Kpy Vb € B). We then calculate the optimal zf,,
up kb s kg, and kb o - for VU 4 iteratively from ¢ = £ to
1=1, By using X , U, and the indices correspond to the minimum
element.

The time complexity of OPTA is O(UP Ky P Kp B+ 2 B?)
if all the SRSUs have the same computing capacity U, number
of uplink subcarriers K7, and number of downlink subcarriers
K p. The complexity grows exponentially with the number of
SRSUs in the network. Since the value of U, K7, and Kp are
usually very large, OPTA will be prohibitive in terms of run-time
if there are more than 2 SRSUs in the network.

D. Complexity analysis of the exhaustive search method

Here we perform a complexity analysis of the exhaustive
search method for P1. The optimal solution of P1 requires the so-
lar energy to be optimally scheduled to each time slot, while the
VUs are associated with the optimal SRSU and SRSU resources
are optimally allocated. For the sake of simplicity of analysis, we
assume each SRSU has the same value of downlink subcarriers
(i.e., Kp), uplink subcarriers (i.e., K7), and computing capacity
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(i.e., U). By dynamic programming analysis in Appendix C, the
complexity of the Phase 2 problem is O(UZ K P K p B2 B?)
for each time slot, where B is the number of SRSU and 7 is
the current number of VU. On the other hand, since energy
is continuous, there are unlimited possibilities of how many
portions of the generated solar energy can be used in the current
time slot and how the rest of it can be scheduled in the future
time slots, so as to the energy stored in the battery. For simplicity,
we assume the granularity of energy is 1 W and the maximum
harvested solar energy for each time slot is S. For the t*" time
slot, because every 1W of the harvested solar energy can be

scheduled to any time slot ¢’ € [t, T, there are O((T" — ¢ + 1))
scheduling possibilities. Therefore, for the overall operation

T . .
time, there are O([] (T —t +1)%) = O(T!®) possible solar
t=1

energy scheduling szrategies will be searched, where !. is the
factorial function. Consequently, with £,,,,, = m?x ¢*, the com-

plexity of exhaustively searching the optimal solution of P1 is
O(TUBKyPKpPH 2, . .B>T!%).
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