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Abstract—Utilizing the intelligence at the network edge,
edge computing paradigm emerges to provide time-sensitive
computing services for Internet of Things. In this paper, we
investigate sustainable computation offloading in an edgecomputing system that consists of energy harvesting-enabled
mobile devices (MDs) and a dispatcher. The dispatcher collects
computation tasks generated by IoT devices with limited
computation power, and offloads them to resourceful MDs in
exchange for rewards. We propose an online Rewards-optimal
Auction (RoA) to optimize the long-term sum-of-rewards for
processing offloaded tasks, meanwhile adapting to the highly
dynamic energy harvesting (EH) process and computation task
arrivals. RoA is designed based on Lyapunov optimization
and Vickrey-Clarke-Groves auction, the operation of which
does not require a prior knowledge of the energy harvesting,
task arrivals, or wireless channel statistics. Our analytical
results confirm the optimality of tasks assignment. Furthermore,
simulation results validate the analytical analysis, and verify the
efficacy of the proposed RoA.
Index Terms—Edge computing, computation offloading, energy
harvesting, online auction, Lyapunov optimization, Internet of
Things

I. I NTRODUCTION
The coming era of Internet of Things (IoTs) is anticipated to
generate an immense amount of raw data from IoT devices.
This data can be turned into very valuable insights through
big data analytics; however, analyzing it requires a significant
amount of computation that exceeds the capability of IoT
devices [1], and pushing it to the cloud introduces significant
delay. Therefore, it is desirable to extend cloud computing and
services to where data is generated, i.e. the edge of the network
[2]–[6]. This can be achieved by offloading the computeintensive analytics to resourceful units in the proximity of
IoT devices, such as ubiquitously accessible and resourceful
mobile devices (MDs). These MDs interconnect using short
range communication technologies to form a new architectural
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element called ad-hoc cloudlet where mobile computing and
cloud computing converge [7]. Several prototypes of this 3tier architecture which consists of IoT devises, cloudlet and the
cloud have been released under the Hyrax project [8]. Despite
the computational capabilities provided by these MDs to
IoT devices, local computations and communication between
devises are expected to have significant impact on their
batteries lifetime. However, miniaturized energy harvesting
(EH) devices provide a viable solution to perpetually power
MDs, while they provide compute-intensive services to IoT
devices [9]. Currently, the solar cases are the mainstream of
the off-the-shelf commercial products that serve as sustainable
chargers for mobile devices, such as JUSE [10], Sunthetic [11],
and SUNNY [12]. These solar cases can be easily incorporated
with MDs to enable their sustainable operation.
A rewards system can be designed to motivate MDs to
process computation tasks in exchange for rewards. The
distribution of tasks and rewards is administrated by an
auction scheme as follows: Firstly, IoT devices broadcast
their computation tasks and their corresponding rewards to
the edge-computing system. In turn, MDs locally analyze
their values to process these tasks and compete for tasks
processing by submitting their bids to the system [13], [14].
System parameters can be used to expose the specification
of the MD and mobile user patterns, which can be used
to apply customized attacks. Several auction schemes for
resource allocation in edge-computing systems have recently
been proposed [15], [16]. These schemes are designed based
on the perfect value information to process computation
tasks. However, the stochastic nature of the EH process
and the randomness of computation tasks arrival, make
such assumption impractical, especially when long-term
performance is desired. Particularly, we are interested in
maximizing the long-term sum-of-rewards received by all
MDs.
To optimize the long-term performance, MDs not only need
to consider current rewards, but also the impact of the current
biding results on its ability to process future tasks, which might
be more rewarding. In the following we give a motivating
example to demonstrate that a given MD might consume its
energy in current time slot to process a rewarding task while
it loses the chance to compete for future tasks with higher
rewards. In this example, the MDs use different strategies to
evaluate the value of processing the current task and submit
bids accordingly, with the objective to achieve more rewards
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in a long run. The energy queue length (E), consumed energy
(P ), harvested energy, bid and reward (r) over four time slots
for two strategies are tabulated in Table I. The amount of
harvested energy in a given slot is indicated in (+ · ), as
shown in Table I. The reward for each task is 20. If the bid
is larger than 10, it wins the task and achieves the reward.
The energy consumed to process a task varies over slots in
accordance with the channel condition and CPU occupancy.
The MD, which does not have any priori knowledge of the
harvested energy and task arrivals, adopts one of the following
value evaluation strategies. First, in strategy-1, the value is
evaluated to be the difference between the reward and the
energy consumption to process the task, i.e., r − P . Second,
in strategy-2, the MD considers not only the consumed energy
and the reward of the task, but also its spare capacity, i.e., Ê,
and computes the value based on r− ÊP . The battery capacity
here is set to 8. As shown in Tab. I(a), by adopting strategy1, the MD consumes almost all available energy in the first
time slot; thus, it cannot process the tasks that arrive in the
later slots. In comparison, Tab. I(b) adopting strategy-2 allows
the MD to actively avoid the energy-intensive tasks and thus
take the opportunity to process the tasks that consume less
energy. The sum-of-rewards achieved by adopting strategy-1
and strategy-2 is 20 and 60, respectively. Thus, EH and task
arrivals dynamics ought to be considered in the design of the
value function.
TABLE I
A M OTIVATING E XAMPLE
(a) Strategy 1
Energy queue length (E)
Consumed energy (P )
Bid
Reward (r)

6(+0)
5.5
14.5
20

0.5 (+0.5)
2
–
0

1 (+0.5)
2
–
0

1.5 (+0)
1.8
–
0

(b) Strategy 2
Energy queue length (E)
Consumed energy (P )
Bid
Reward (r)

6
5.5
9
0

6 (+0.5)
2
16
20

4.5 (+0.5)
2
13
20

3 (+0)
1.8
10
20

In addition to adapting to system dynamics, maintaining
truthfulness of auction is another design challenge. Because
the edge-computing system is unaware of the MDs private
values, truthfulness is crucial to prevent market manipulation,
which deteriorate the optimality of the system sum-of-rewards.
Selfish MDs tend to bid in such a way that maximizes
their own rewards rather than the system sum-of-rewards.
Therefore, a well-designed winner and payment determination
scheme is necessary to motivate truthful bidding.
To address the two aforementioned challenges, we propose
an online rewards-optimal auction (RoA) to maximize the
long-term sum-of-rewards of the edge-computing system,
while accounting for the randomness of the EH process,
task arrivals and channel conditions. The considered system
consists of a dispatcher, multiple MDs, and IoT devices. The
dispatcher first collects the requests of computation tasks
from IoT devices and broadcasts them to MDs. The value to
process these tasks is computed by MDs and submitted to the

dispatcher, which determines the winner of each task and the
corresponding payment. We design a Vickrey-Clarke-Groves
(VCG) auction where the dispatcher and MDs, respectively,
take the roles of the auctioneer and bidders. In addition,
a Lyapunov optimization-based value function is designed
for MDs to independently evaluate their values. The value
function balances, on one hand, the energy consumption and
the reward to process a task and, on the other hand, the spare
capacity of the MD. The major contributions of our work are
two-fold:
1) We propose RoA that consists of the value function
design, and the winner and payment determination
scheme. The value function is applied by MDs to
evaluate the value of task processing, without any priori
knowledge of the EH process or task arrivals. The
winner and payment determination scheme determines
the winning MDs and their payments such that they are
motivated to bid with their true value to maximize the
system sum-of-rewards.
2) We theoretically prove that the system sum-of-rewards
achieved by RoA asymptotically approaches that of the
optimal solution. Furthermore, we quantify the tradeoff
between the battery capacity required for MDs and the
achieved sum-of-rewards. These results provides valuable
insights into the design of online auction for resource
allocation in practical edge-computing systems.
The rest of the paper is organized as follows: Section II
discusses related works in the literature. Section III introduces
the system model and formulates the system sum-of-rewards
optimization problem. Section IV designs the value function
used by the MDs, and the winner and payment determination
scheme operated at the dispatcher. Section V analyzes the
performance of RoA, followed by simulations in Section VI.
At last, Section VII concludes this paper.
II. R ELATED W ORK
Computation offloading in edge-computing systems has
been the focus of many recent research efforts [17]–[19].
In [17], Jia et al. investigate workloads balancing between
multiple edge servers located at access points, and model
the task flow at each edge server as M/M/n queues. A
scheduling algorithm is proposed to offload the workloads
from overloaded edge servers to other underloaded ones, with
the objective to minimize the response time of computation
tasks. Guo et al. [18] schedule multiple MDs to offload
their computation tasks to a remote cloud. Furthermore, they
optimize the clock frequency and transmission power of MDs
to minimize the energy consumption and computation delay,
while considering the task-precedence requirements. Tong et
al. [19] investigate the trade-off between communication and
computation delays in a hierarchical edge cloud architecture
with multiple tiers. A non-linear integer programming
problem is formulated to decide which tier and the amount
of computing capacity should be used to process the tasks.
These works consider snapshot-based static model with the
assumption that the computation task arrivals are perfectly
known a prior.
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Several research works consider the stochastic nature of
the EH process and computation task arrivals [13], [14],
[20]–[23]. Pu et al. [13] investigate the energy efficient
computation task offloading among multiple MDs through
cellular and D2D links. The authors consider the stochastic
task arrivals and channel conditions over time and propose
an online algorithm to dynamically offload the tasks to
minimize the long-term energy consumption. Refs. [21]–[23]
design online algorithms to strike the balance between
energy consumption and execution delay of computing
tasks. Considering a Mobile Edge Computing (MEC) system
consisting of multiple users and edge servers, Mao et al.
[21] minimize the long-term average weighted sum power
consumption of the MEC system, by adjusting the radio and
computation resources at both the MDs and edge servers.
Furthermore, a delay-improved mechanism is proposed to
reduce the execution delay. Chen et al. [22] investigates
the computation offloading between edge servers deployed
on small-cell base stations. The problem formulation takes
the long-term delay cost and energy consumption of edge
servers as the objective function and constraints, respectively.
Wu et al. [23] investigate the computation offloading in a
three-level hierarchy consisting of MDs, edge server, and
a remote cloud server. Considering the different bandwidth
and computation resources among the three level, the authors
propose an online algorithm to minimize the average energy
consumption of MDs while ensuring the response time under
a given time constraint.
Refs. [14], [20] consider the cases that the MDs can be
powered by energy harvested from the ambient energy sources,
to further prolong their lifetime. In [14], Mao et al. schedule
an energy harvesting (EH)-powered MD to offload its task to a
proximate edge server. Both the CPU speed and transmission
power are optimized to minimize the long-term cost that
combines the execution delay and the penalty caused by task
dropping. In addition to EH-powered MDs, Zhang et al. [20]
considers that the execution of a task may exceed one time
slot, which leads to the coupling of task processing across
slots. To address this issue, Ref. [20] divides the original tasks
into smaller subtasks which can be processed in each time slot.
The design of auctions for computation resource allocation
has received increasing interests in recent years [15], [16],
[24]. Shi et al. [24] propose an online auction to optimize
the sum of the cloud provider’s revenue in a cloud-computing
system. They apply primal-dual decomposition to translate
the long-term optimization of providers’ total revenue into a
series of independent truthful auctions. Both [15], [16] design
double auctions for MDs to bid for computation resources at
the edge server. The objective of the auction is to maximize
the total valuations of winning MDs. However, these auctions
do not take the dynamics of the energy consumed by task
processing and task arrivals into consideration, and assume
the computation resources of MDs to be known in advance.
The above-mentioned works either do not take into account
the dynamics of the wireless environment [15]–[19], [24],
or use centralized optimization approach which requires
significant communication overhead and may lead to privacy
leakage [13], [14], [20]–[23]. Unlike existing schemes, we

propose an online auction scheme to optimize the long-term
system sum-of-rewards. In the proposed scheme, MDs
independently evaluate the value to process computation
tasks without leaking their private system parameters and
information.
III. S YSTEM MODEL
A. Network Architecture
We consider an edge computing system that consists of a
computation task dispatcher, which can be a WiFi hotspot
or a base station, and N mobile devices (MDs) denoted by
set N = {1, · · · , N }. The system operates over unit-size
time slots denoted by t ∈ {1, 2, · · · , T }. The IoT devices
generates computation tasks such as image processing, data
compression, etc. The dispatcher accumulates the computation
tasks from the IoT devices, and broadcasts the information
of tasks to MDs in close proximity. The MDs are equipped
with energy harvesting (EH) modules, e.g., solar panels or
piezoelectric devices, to convert the ambient energy into
electric power stored in the rechargeable battery for future
use.
The IoT devices are organized in a star topology. The
dispatcher serves as a gateway to accumulate the sensed data.
The IoT devices communicate with the dispatcher through the
Low-power Wide Area Networking technologies such as LoRa
[25] and NB-IoT [26]. The mobile devices are also organized
in a star topology and connect with the dispatcher through
a single hop communication. The MDs are embedded with
multiple communication modules, including cellular, WiFi,
and Bluetooth modules. Each technology can be exploited to
enable the communication between the dispatcher and mobile
devices. However, considering the monetary cost of cellular
connection, and low data rate and coverage of Bluetooth, the
WiFi technology seems more suitable for the edge system.
The MDs estimate the value to process each task, and submit
their bids to the dispatcher. The dispatcher determines the
winner of each task and send the computation task to the
winning MD. The computation tasks are delay sensitive with
deadlines no longer than the length of one time slot [14]. If a
computation task is not processed by MDs in the current time
slot, it is dropped or scheduled to another computation unit for
processing, such as remote cloud servers. The key notations
are summarized in Tab. II.
B. Task Execution Model
We consider batch and stream based computation
tasks, following MapReduce and Google Dataflow
programming models [13]. In the t-th time slot, the
available computation tasks constitute a set denoted by K(t)
with K(t) = |K(t)|. Specifically, the characteristics of the
computation tasks can be denoted by a 4-tuple parameter
< Ik (t), Ok (t), φk (t), ωk (t) >, where k indicates the index
of a computation task. Ik (t) and Ok (t) denote the input
and output data size of the computation task, respectively.
φk (t) is the required CPU cycles to accomplish the task.
ωk (t) is the reward to process the computation task. This
model enables the flexibility of modeling computation tasks.
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TABLE II
K EY N OTATIONS
Notation

Definition

n, N, N
k, K(t), K(t)

Index, number, and set of MDs
Index, number, and set of computation tasks arrived in
time slot t
Index, number, and set of time slots
CPU speed of MD n to process task k in time slot t
Winner indicator of task k by MD n in slot t
Payment to MD n for processing task k in time slot t
Energy queue length of MD n in time slot t
Energy consumption of MD n in time slot t
Battery capacity of MDs
Value for MD n to process task k in time slot t
Utility of MD n in time slot t
Sum-of-rewards in time slot t
The upper and lower bound of MD’s energy
consumption to process a task in one time slot

t, T, T
rn,k (t)
Jn,k (t)
pn,k (t)
En (t)
Pn (t)
Λ
vn,k (t)
Un (t)
R(t)
Pmax , Pmin

For example, Ik (t) and Ok (t) captures the amount of raw
data and compressed data in applications of sensed data
compression, respectively.
Let J(t) = {Jn,k (t)|n ∈ N , k ∈ K(t)} denote the winner
indicator with the interpretation that Jn,k (t) = 1 if MD n wins
task k in time slot t, otherwise Jn,k (t) = 0. In one time slot,
each MD can win at most one computation task, i.e.,
X
Jn,k (t) ≤ 1.
(1)
k∈K(t)

Furthermore, each task requires only one MD for computation,
i.e.,
X
Jn,k (t) ≤ 1.
(2)
n∈N

The MD consumes energy to communicate with the
dispatcher. Let Cn,rx denote the power consumption
for reception of one unit-size data by MD n. The data
transmission rate is constant for each MD across time slots
[13]. To account for the time-varying wireless channel
conditions, the MDs adjust the transmission power to provide
the required data rate. Let Cn,tx (t) denote the transmission
power of MD n in time slot t. To process computation task
k, MD n receives input data Ik (t) and transmits output data
Ok (t). Therefore, the communication energy consumption of
MD n to process task k is
dn,k (t) = Cn,rx Ik (t) + Cn,tx (t)Ok (t).

Given that φk (t) denotes the required number of CPU cycles
to process task k, the computation time of task k can be
computed to be ln,k (t) = φk (t)/rn (t). The computation time
cannot exceed the length of one time slot, i.e.,
ln,k (t) ≤ τ.

(6)

Therefore, the total energy consumption of MD n in time slot
t evaluates to
Pn,k (t) = cn (t)ln,k (t) + dn,k (t).

(7)

The upper and lower bound for MDs to process a computation
task are denoted by Pmin and Pmax . The values can be
obtained from the historical records [13].
C. Dynamic Energy Queue Model
MD n harvests energy from ambient energy sources,
e.g., solar radiation or human motion, to recharge the
battery that has a capacity denoted by Λ, ∀n ∈ N .
En (t) denotes the energy queue length of MD n, and
E(t) = {E1 (t), · · · , EN (t)} denotes the set of energy queue
lengths of all MDs.
To model the intermittent nature of the EH process, we
define a stochastic process denoted by ηn (t) which captures
the maximum amount of energy that can be harvested by MD
n in time slot t. The value of ηn (t) remains constant in one
time slot, and potentially changes across the time slots. There
exists an upper bound of ηn (t), ∀n ∈ N , t ∈ T which is
denoted by ηmax [28].
The MDs try to harvest energy as much as possible in order
to recharge their batteries; however, the energy queue length
cannot exceed the battery capacity, i.e., En (t) ≤ Λ. Let en (t)
denote the harvested energy of MD n in time slot t. en (t) can
be written as
en (t) = min(Λ − En (t), ηn (t)).

(8)

With the harvested energy as the input and the consumed
energy as the output, the energy queue dynamics of MD n
across time slots can be written as
X
En (t + 1) = En (t) −
Jn,k (t)Pn,k (t) + en (t). (9)
k∈K

The consumed energy cannot exceed the available energy, i.e.,
X
Jn,k (t)Pn,k (t) ≤ En (t).
(10)
k∈K

(3)
D. MD Utility

The energy consumption of processing per unit-time is
determined by the CPU speed of the MD and the processing
time and given by [27]
cn (t) = αn rn (t)3 + βn ,

(4)

where rn (t) denotes the CPU speed of MD n in time slot t, and
αn and βn are system-specific parameters. Using the dynamic
voltage and frequency scaling (DVFS) capability, MD n can
adjust CPU speed to take one of the available discrete rates
given in the set rn = {rn,1 , · · · , rn,max } [27], i.e.,
rn (t) ∈ rn , ∀n ∈ N .

(5)

Given that MD n wins task k in time slot t, the utility
obtained by the MD is determined by the payment it receives
from the dispatcher and the value to process task k. The
payment and the value indicate the monetary profit paid to
the MDs from the dispatcher, and the evaluation of processing
the task for the edge system, respectively. Denote the payment
and the value, respectively, by pn,k (t) and vn,k (t). The utility
of MD n can be formulated to be the sum of the payment and
the value,
X
Un (t) =
Jn,k (t) [pn,k (t) + vn,k (t)]
(11)
k∈K(t)
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By incorporating the value term into the MD utility,
optimizing the utility results in a socially optimal allocation
of computation tasks, in the sense that the MDs try not only
to obtain high payment, but also helps the edge system to
achieve higher sum-of-rewards. This setting is typically used
in VCG auction which allows for the selection of a socially
optimal outcome out of a set of possible outcomes, as in [16]
and [29].
E. System Sum-of-Rewards Optimization
The system sum-of-rewards in time slot t depends on the
accumulated rewards of all accomplished computation tasks:
X
R(t) =
Jn,k (t)ωk (t).
(12)
k∈K(t)

The decision variables include the CPU speed r(t) and the
task winner indicator J(t). Let Γ(t) = {r(t), J(t)} denote the
variables in time slot t. Based on the aforementioned model,
we formulate the sum-of-rewards optimization (SRO) problem,
with the objective to maximize the long-term sum-of-rewards
of the edge-computing system as follows
1 X
E[R(t)]
(SRO) max lim
Γ(t) T →∞ T
t∈T

s.t. (1), (2), (5), (6), (9) and (10).
Remark: The quantity of a reward implies the evaluation
of a task in an IoT application. Processing tasks with a
higher sum-of-rewards indicates that the MDs provides more
valuable services for the application. Therefore, we choose
the sum-of-rewards as the optimization objective. Solving the
SRO problem is challenging due to two main reasons. First,
maintaining a long-term average sum-of-rewards depends
on current and future tasks assignment decisions, which is
not trivial without prior knowledge of future amounts of
harvested energy and tasks arrivals. Second, achieving the
network maximum sum-of-rewards raises a contradiction
because adopting a centralized approach exposes MDs private
information, while adopting a distributed approach allows
MDs to bid in such a way that maximizes their utility rather
than the system sum-of-rewards. In the following section we
will address these challenges and propose a semi-distributed
auction.
F. Discussions of the System Model
In this subsection, we discuss the ways to extend the system
model to capture heterogeneous tasks and offloading failures.
Firstly, our model can be extended to capture heterogeneous
tasks, such as time-dependent tasks or indivisible tasks that
cannot be completed in one time slot [18], [30]. To handle
the time-dependent tasks, the dispatcher can divide the tasks
according to the temporal dependency, then broadcast only the
tasks that are ready for processing to MDs for auction. Then,
each individual task can be treated as the independent tasks in
this model. For indivisible tasks, our model can be extended in
the way that the MDs can continuously process the task across
time slots. In the following time slots, the MDs continue the

processing until the task is completed, without bidding for
other tasks. The payment will also be delayed until the task is
done. During the processing, the MDs periodically inform the
dispatcher that the task is still being processed. For a task that
need more MDs for computation, it can be divided into several
smaller tasks, each of which can be treated as an independent
task in this model.
Secondly, we can modify the model to deal with the
offloading failures, i.e., the MD cannot process the offloaded
task in the current time slot. In case of offloading failures, the
MD drops the task, then sends a failure signal to the dispatcher.
The dispatcher can either forward the dropped tasks to the
cloud server for reprocessing, or simply inform the IoT devices
that their tasks are dropped, according to the importance of the
computing tasks. A penalty can be introduced into the system
model to punish the MDs which drops tasks.
IV. R EWARDS - OPTIMAL AUCTION D ESIGN
In this section, we propose an online auction to solve
the SRO problem. In the online auction, the MDs and the
dispatcher act as bidders and an auctioneer, respectively. At
the beginning of each time slot, the MDs estimate the value
to process each computation task, then submit bids to compete
for tasks. The dispatcher determines the winners and the
payments based on the bids of MDs, then transmit the input
data of the computation task to the winner. The auction
operates in a single-sided fashion, which is suitable for the
cases that IoT devices belong to a single utility, such as sensors
[31] and RFIDs [32]. In the following subsections, we will
analyze the value evaluation of computation tasks and the
auction design, respectively.

A. Evaluation of Computation Tasks Value
As we can see from the example in Section I, evaluating
the value to perform a computation task significantly
affects the sum-of-rewards achieved by MDs. Specifically,
the MDs need to comprehensively estimate the benefit to
process a computation task, taking into account not only
the instantaneous reward of the task, but also its impact on
processing future computation tasks. To this end, we first
optimize the CPU speed of MD n to process task k, with
the objective to minimize the energy consumption. Then,
we apply the Lyapunov optimization technique to design
the value function of computation tasks [33], [34], which
allows the MDs to estimate the value in order to process each
task without a prior knowledge of the EH process and the
computation task arrivals.
As shown in Eq. (7), the energy consumption of MD n to
process task n, i.e., Pn,k (t), is a function of CPU speed rn (t).
Therefore, we first optimize the value of rn (t) to minimize
Pn,k (t). Suppose that task k is assigned to MD n, the MD need
to accomplish the task processing in the current time slot, as
stated in constraint (6). As such, we modify the set of available
CPU speed, i.e., rn (t), to r̄n,k (t) = {r̄n,k,1 (t), · · · , rn,max },
where r̄n,k,1 (t) denotes the smallest CPU speed to satisfy the
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processing deadline. In the following, we use rn,k (t) to denote
the CPU speed of MD n to process task k. Therefore, we have
rn,k (t) ∈ r̄n,k (t)

(14)

For simplicity, we assume that all MDs have the ability to
process the tasks in one time slot, i.e., r̄n,k (t) 6= ∅. To find
the optimal value of rn,k (t), we formulate the CPU speed
control problem, as follows:
(CSC) min αn rn (t)2 +
rn,k (t)

βn
rn (t)

s.t. (14).
In Theorem 1, we determine the optimal CPU speed denoted
∗
by rn,k
(t) to minimize the objective function of the CSC
problem. To this end, we first relax the discreteness of
CPU speeds constraint to find the optimal CPU speed in a
continuous set [r̄n,k,1 (t), rn,max ], then define the optimal CPU
∗
speed rn,k
(t) which falls in the discrete set r̄n,k (t).
Theorem 1. To minimize the energy consumption of MD n to
process task k in time slot t, the optimal CPU speed is given
by

∗
rn,k
(t)

=











r̄n,k,1 (t), if
arg min f (rn,k (t)), if
a,b

rn,max , if

q
3

βn
2αn

a≤
q
3

q
3

βn
2αn

≤ r̄n,k,1 (t),
βn
2αn

≤ b,

the value of f (rn,k (t)) achieved by two adjacent available
CPU speeds. Therefore, the computational complexity for each
MD to determine the optimal CPU speed of K(t) tasks is
∗
O(3K(t)). Substituting the optimal CPU speed rn,k
(t) into
Eq. (7) yields the minimum value of Pn,k (t) for MD n to
process task k in time slot t. To simplify the notation, we still
use Pn,k (t) in the following to denote the minimum energy
consumption of MD n to process task k in time slot t.
In the following, we use Lyapunov optimization technique
to define the value function denoted by vn,k (t). The value of
vn,k (t) determines the value for MD n to process task k in
time slot t. First, we define the Lyapunov function to measure
the spare capacity of MDs’ energy buffers [33]:
L(t) =

1 X
2
(Λ − En (t)) .
2

(17)

n∈N

The battery capacity Λ required to satisfy the energy
availability constraint (10) is derived in Section V. A small
L(t) implies that the batteries of all MDs are almost fully
charged, and vice versa. Based on Eq. (17), we introduce the
Lyapunov drift to measure the change of Lyapunov function
across time slots, as follows:

(15)

∆(t) = E[L(t + 1) − L(t)|E(t)].

(18)

≥ rn,max ,

where a = r̄n,k,i (t) and b = r̄n,k,i+1 denote two consecutive
CPU speeds. f (rn,k (t)) denotes the objective function of CSC.
∗
Proof. Let rn,k
(t) denote the optimal CPU speed for MD n
∗
to process task k in time slot t. To find rn,k
(t), we relax
the discrete constraint (14), i.e., rn,k (t) can take continuous
value. Note that f (rn,k (t)) is convex w.r.t. rn,k (t), there exists
an optimal solution that minimizes f (rn,k (t)), which is given
by
r
βn
σn,k (t) = 3
.
(16)
2αn

If σn,k (t) is equal to any of the available CPU speeds, i.e.,
∗
σn,k (t) ∈ r̄n,k (t), the optimal solution of CSC is rn,k
(t) =
r̄n,k (t). Alternatively, the following three cases are considered.
1) If σn,k (t) < r̄n,k,1 (t), the energy consumed by MD
n monotonically increases when rn,k (t) ∈ r̄n,k (t);
∗
therefore, rn,k
(t) = r̄n,k,1 (t).
2) If σn,k (t) falls between two adjacent available
CPU speeds, i.e, r̄n,k,i (t) < σn,k (t) < r̄n,k,i+1 (t),
the optimal CPU speed is rn,i or rn,i+1 based
on the convexity of CSC. Therefore, we have
∗
rn,k
(t) = arg minrn,k (t)∈{r̄n,k,i (t),r̄n,k,i+1 (t)} f (rn,k (t)).
3) If r̄n (t) > r̄n,k,max (t), f (rn,k (t)) monotonically
decreases when rn,k (t)
∈
r̄n,k (t); therefore,
rn∗ (t) = r̄n,k,max (t).

Recall that the objective of the proposed auction is to
maximize the sum-of-rewards of the edge layer. Thus, we
incorporate a weighted version of the rewards achieved by
the MDs in time slot t, i.e., R(t) in Eq. (12), into ∆(t) to
obtain the drift-minus-reward function
∆V (t) = ∆(t) − V R(t),

(19)

where V denotes an importance-weight on how much we
emphasize sum-of-rewards maximization. A larger V means
that the sum-of-rewards takes a greater proportion in Eq.
(19), and the converse is true. By minimizing ∆V (t) in each
time slot, the MDs jointly recharge the batteries and process
computation tasks to obtain rewards. However, considering
that ∆V (t) is a quadratic function with respect to CPU speed
r(t) and winner indicator J (t), the difficulty that remains
is to minimize ∆V (t) for the MDs and the dispatcher. In
Theorem 2, we develop the upper bound of ∆V (t), which
is a linear function with respect to the CPU speed r(t) and
winner indicator J(t).
Theorem 2. Under any feasible strategies of the MDs and the
dispatcher, we have the following inequality

∆V (t) ≤ A−

X

(En (t) − Λ) en (t) −

n∈N


X

Jn,k (t)Pn,k (t)

k∈K(t)

− V R(t),

Based on Theorem 1, the MDs can efficiently analyze
the energy consumption for task processing and evaluate the
value function based on Eq. (23). To determine
the optimal
q
βn
3
CPU speed, the MD needs to calculate
2αn , and compares

(20)
2

2

max )
where A = N (Pmax ) +(η
is not a function of r(t) or
2
winner indicator J(t).
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Proof. Based on ([E − b]+ + a)2 ≤ a2 + b2 + 2E(a − b), and
by squaring the both sides of Eq. (9), we obtain the following

≤


1
(En (t + 1) − Λ)2 − (En (t) − Λ)2
2P
( k∈K(t) Jn,k (t)Pn,k (t))2 + (en (t))2
2
− (En (t) − Λ) en (t) −


X

Jn,k (t)Pn,k (t)

k∈K(t)

≤

(Pmax )2 + (ηmax )2
2

− (En (t) − Λ) en (t) −

(21)

bidding with the true value becomes a dominant strategy for
MDs. In the following, we present the winner and payment
determination design, respectively.
1) Winner Determination: Based on the bids collected from
MDs, the dispatcher determines the winning MD of each task
to maximize the sum of bids in the current time slot, subject
to constraints (1) and (2). Let bn,k (t) denote the bid of MD
n on task k in time slot t. The winner determination (WD)
problem can be formulated to
X X
(WD) max
Jn,k (t)bn,k (t)
J(t)


X
k∈K(t)

Rearranging the terms yields Eq. (20).
To optimize the sum-of-rewards, we design the online
auction in such a way that the MDs are motivated to minimize
the right hand side (RHS) of Eq.(20). Substituting Eq. (12)
into the RHS of Eq. (20), we can reorganize the function with
respect to the winner indicator J(t) and equivalently transform
the problem to maximize the total one-slot value given by
X X
Jn,k (t) [V ωk (t) − (Λ − En (t)) Pn,k (t)] . (22)
n∈N k∈K(t)

The linear structure of Eq. (22) implies that the value of MD
n to process task k evaluates to V ωk (t) − (Λ − En (t))Pn,k (t).
Therefore, the value to process task k by MD n is
vn,k (t) = V ωk (t) − (Λ − En (t))Pn,k (t).

n∈N k∈K

s.t. (1) and (2).

Jn,k (t)Pn,k (t)

(23)

Remark: The value function consists of two terms that are
linearly combined, i.e., the weighted reward term V ωk (t),
and the energy-related term (Λ − En (t))Pn,k (t). As defined
before, V is an importance-weight of the sum-of-rewards
maximization. The larger the V , the higher the value vn,k (t);
therefore, MDs would be more motivated to bid for tasks
which puts more emphasis on the system sum-of-rewards
maximization. The energy-related term is the multiplication of
the spare capacity, i.e., Λ−En (t) and the energy consumption
of task processing Pn,k (t). The value function decreases
with the increase of consumed energy because it lowers the
chance of the MD to process future tasks. Moreover, the spare
capacity Λ − En (t) can be considered as a weight of the
energy consumption in the value function. The larger the spare
capacity, the more sensitive the MD to consume energy on
task processing. The proposed value function in (23) jointly
captures the impact of energy consumption, spare capacity and
weighted reward; thus, enables the MDs to balance energy
consumption and rewards collection.
B. Winner and Payment Determination
The MDs bid according to the evaluated value to process
the task. Based on the bids from all the MDs, the dispatcher
determines the winning MD of each task and the reward. To
maximize the utilities of MDs, they possibly bid untruthfully to
achieve higher utility which may adversely affect the long-term
sum-of-rewards. To address this issue, we propose a VickreyClarke-Groves (VCG) auction-based scheme [35], such that

Considering the discrete nature of winner indicator J(t)
and constraints (1) and (2), WD can be mapped to a bipartite
matching problem that can be efficiently solved by the
Hungarian algorithm [36].
2) Payment Determination: The dispatcher determines the
payment to MDs according to the VCG payment scheme, by
which the truthfulness of RoA can be guaranteed [35]. If MD
n wins task k in the solution of WD, i.e., Jn,k (t) = 1, the
dispatcher pays a payment pn,k (t) to MD n. The payment is
given by
K(t)
K(t)−k
pn,k (t) = BN −n − BN −n ,
(24)
K(t)

K(t)−k

where BN −n and BN −n denote the maximum achievable
objective function value of WD without the participation of
MD n, and without the participation of both MD n and task
k, respectively.
Remark: The payment to MD n depends on the bids of
other MDs, because the bid of MD n is not counted in neither
K(t)
terms of the R.H.S. of Eq. (24). The first term, i.e., BN −n ,
represents the maximum total value in one time slot achieved
K(t)−k
by all MDs except n. The second term, i.e., BN −n , is the
maximum one-slot total value achieved by MDs other than n
which wins task k. Therefore, the R.H.S. of Eq. (24) models
the impact of the presence of MD n in the edge-computing
system.
The above described solutions to the different subproblems constitute the rewards-optimal online auction
(RoA) algorithm. The major steps and pseudo-code of the
algorithm are summarized in Algorithm 1. The computational
complexity to solve WD, i.e., the bipartite matching
problem, is O(N K(t)2 + K(t)2 log(K(t))) [36]. Note that
solving Eq. (24) can also be considered as solving the
matching problem in WD with MD N and task k excluded.
To determine the payment for all allocated tasks, the
matching problem needs to be solved at most 2K(t) times.
Therefore, the total computational complexity for the RoA
implemented at the dispatcher is O((1 + 2K(t))M (t)), where
M (t) = N K(t)2 + K(t)2 log(K(t)) denotes the complexity
to solve WD.
V. P ERFORMANCE A NALYSIS
In this section, the performance of RoA is verified in terms
of battery capacity and optimality. In Theorem 3, we show
the difference between the sum-of-rewards achieved by the
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Algorithm 1: Reward-optimal Auction
Data: en (t), ∀n ∈ N , E(t), rn .
Result: pn,k (t), ∀n ∈ N , k ∈ K(t), r ∗ (t) , J∗ (t),
E(t + 1).
/* Value Evaluation at the MDs
*/
1 foreach n ∈ N , k ∈ K(t) do
∗
2
Compute rn,k
(t) based on Theorem 1;
3
Compute the value function vn,k (t) based on Eq.
(23);
4 All the MDs submit their bids to the dispatcher;
/* Determine the Winners and Payments
at the Dispatcher
*/
5 Solve WD problem using Hungarian algorithm and set
J∗ (t);
6 foreach n ∈ N do
∗
7
if Jn,k
(t) == 1, ∀k ∈ K(t) then
8
Compute pn,k (t) based on Eq. (24);
9
10

/* Update Energy Queue at all MDs
foreach n ∈ N do
Compute En (t + 1) based on Eq. (9);

*/

in comparison to any other strategy including π. Therefore,
we have the following inequality:


∆(t) − V E [R(t)] ≤A + E BVRoA (t)|E(t)
(26)
≤A + E[BVπ (t)]
≤A + ρδ − V R∗ ,
where BVRoA and BVπ denote the total one-slot value achieved
by RoA and strategy π, respectively. By letting δ to be zero,
we have
∆(t) − V E[R(t)] ≤ A − V R∗ .
(27)
Computing the time average of both sides of Eq. (27), and
dividing both sides by the overall operating time T multiplied
by V yields
T −1
1 X
A
L(T ) − L(0)
−
E[R(t)] ≤
− R∗
T
T t=0
V

(28)

Let T → ∞, then
T −1
A
1 X
E[R(t)] ≥ R∗ −
T →∞ T
V
t=0

lim

(29)

Thus, Theorem 3 is proved.
optimal strategy and RoA, respectively. Theorem 4 states the
required battery capacity for MDs to join RoA.
A. Optimality of Long-term sum-of-rewards
In Theorem 3, we derive the difference between the longterm sum-of-rewards achieved by the optimal solution and that
achieved by the RoA scheme.
Theorem 3. Let R∗ and R̄ denote the long-term sumof-rewards achieved by the optimal solution and RoA,
respectively. Suppose the harvested energy and computation
tasks arrive at the MDs following an independent and
identically distributed (i.i.d.) process, the difference between
R∗ and R̄ can be derived as
A
R̄ ≥ R∗ − ,
(25)
V
where A =

N (Pmax )2 +(ηmax )2
2

as defined in Theorem 2.

Proof. We prove Theorem 3 by comparing the long-term sumof-rewards achieved by RoA and a stationary randomized
strategy denoted by π. Let J(t)π (t) and Pnπ (t) denote the
computation task offloading variable and energy consumption
optimized by strategy π. Given that the harvested energy and
computation tasks arrival process is i.i.d., strategy π satisfies
the following inequalities (Theorem 4.5 [33]):
"
#
X
E
Jn,k (t)ωk (t) ≤ R∗ + δ,
n∈N

"
E

#
X

eπn (t)

−

π
Jn,k
(t)Pnπ (t)



≤ ρδ,

n∈N

where δ is an arbitrarily small parameter, and ρ is a positive
scalar. Note that RoA gives the maximum total one-slot value

Eq. (25) implies that the difference of sum-of-rewards
achieved by both strategies is less than A/V . Recall that A is a
constant, the long-term sum-of-rewards achieved by RoA can
be proved to be asymptotically converging to the optimal value
for a large value of V . Ideally, the optimal performance can
be achieved by increasing the value of V to infinity. However,
in Theorem 4, we show that the required battery capacity to
support RoA, i.e., Λ, also increases linearly with the value of
V . As such, the tradeoff exists between the achieved sum-ofrewards and the battery capacity of MDs.
B. Battery Capacity Condition for Joining the Auction
To realize the sustainable operation of the MDs, the energy
consumption of each MD should be upper bounded by its
energy queue length, as stated by constraint (10). In Theorem
4, we specify the required battery capacity for a given value of
V , such that bid submitted by a given MD n is not considered
unless it has sufficient energy En (t) ≥ Pmax .
Theorem 4. For a given value of V , the required battery
capacity for each MD is
Λ≥

V ωmax
+ Pmax .
Pmin

(30)

Hence, the optimal solution of WD is Jn,k (t) = 0, if En (t) ≤
Pmax .
Proof. According to Eq. (23), the value function is less than
0 if the following inequality holds
(Λ − En (t))Pn,k (t) ≥ V ωk (t)

(31)

Rearranging Eq. (31) yields:
Λ≥

V ωk (t)
+ En (t).
Pn,k (t)

(32)
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V = 50

ηmax = 40 mW
V = 50

36

B

V ωmax
+ Pmax ,
Pmax
which concludes the proof of Theorem 4.

Time-average Sum-of-Rewards

In case En (t) ≤ Pmax , the upper bound of the R.H.S. of Eq.
(32) can be written as

9

Pmin (Λ − Pmax )
.
(34)
ω
Eq. (34) determines the largest value of V that can be
supported by the MDs with battery capacity Λ. To fully utilize
the battery capacity of the MDs, we can set the value of V to
the RHS of Eq. (34).
V ≤

VI. S IMULATION R ESULTS

ηmax = 60 mW
ηmax = 40 mW
ηmax = 20 mW

ηmax = 20 mW
V = 50

24
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V

(a) Time-average sum-of-rewards versus a range of V .

70

V = 50
N = 15

60

V = 50
N = 10

50

B

In this section, we conduct simulation experiments to verify
the performance of the proposed RoA scheme. The edgecomputing system consists of N = 10 MDs. For simplicity,
we assume the MDs have the same system-specific parameters,
i.e., αn = 0.34 and βn = 0.35, ∀n ∈ N , which matches the
system parameters of a smart phone co-developed by Google
and Samsung, called “Nexus S” [27]. The energy consumed
to transmit and receive a unit data is hn (t) · 313.73 × 10−9
W/bit and 200 × 10−9 W/bit, respectively. The value of hn (t)
is uniformly distributed between [0.8, 1.2] across time slots
which captures the stochastic nature of wireless channels
[27]. Exploiting the dynamic voltage and frequency scaling
technique, MDs adjust their CPU speed to one of the available
speeds rn = {0.1, 0.2, 0.4, 0.8, 1, 1.44} GHz [27].
In each time slot, IoT devices randomly generate
tasks to be processed by MDs. The computation tasks
have one of the four different input data sizes, i.e.,
Ik (t) ∈ {2000 Kb, 4000 Kb, 6000 Kb, 8000 Kb}. The tasks
fall into two categories, data processing (DP) and decisionmaking (DM). The computation density of the DP and DM
tasks are 1000 cycles/bit and 3000 cycles/bit, respectively.
The output data of DP tasks is half of the input data, i.e., the
task is a data compression task [13], while that of the DM
tasks is a predetermined value of 500 Kb. Unless specified
otherwise, the length of a time slot is τ = 60 seconds, and
the maximum EH rate is ηmax = 60 mW.
Figs. 1(a) and 1(b) depict the impact of maximum EH rates
ηmax and numbers of MDs N on the sum-of-rewards versus
different values of V . The two figures show that the sumof-rewards increases with both ηmax and N , because larger
harvested energy and a larger number of MDs can support the
processing of a larger number of tasks. More importantly, both
figures show that RoA can achieve a higher sum-of-rewards
for larger V , under the same ηmax and N . However, the rate
of increase is lower for larger V . This is consistent with the
conclusion of Theorem 3 that the sum-of-rewards achieved
by the RoA is a concave function with respect to the value

30

12

Time-average sum-of-rewards

Eq. (30) shows that the required battery capacity increases
linearly with the value of V . Therefore, a larger importance
weight of sum-of-rewards, requires participating MDs to have
batteries with larger capacities. In turn, for a given battery
capacity Λ, we can find the largest value of V by rearranging
Eq. (30) which yields

40

N = 15
N = 10
N =5

30
20

V = 50
N =5

10

0.0

0.8

1.6

2.4

3.2

4.0

V

(b) Time-average sum-of-rewards under different number of MDs, N .

Fig. 1. Impact of maximum EH rate ηmax and number of MDs N on the
sum-of-rewards.

of V . To verify the optimality of the RoA, we take a very
large V = 50 to illustrate the optimal sum-of-rewards. Figs.
1(a) and 1(b) show a comparison of the sum-of-rewards with
V ranging from 0.2 to 4 to the sum-of-rewards obtained by
V = 50. As shown in these figures, the optimality gap is very
small ranging from 1.2% to 2.4%.
Figs. 2(a) and 2(b) shows the utility achieved per MD
versus V for different maximum EH rate ηmax and number of
MDs N , respectively. The results demonstrate that the average
utility increases with a larger V for a given ηmax and a number
of MDs because MDs can store more energy to process tasks.
Furthermore, as the value of V increases from 0.2 to 4.0, the
utility per MD increases faster in the scenario with more MDs,
as depicted in Fig. 2(b), which shows that the collaboration
of more MDs with larger battery capacities can provide more
utility gain for each MD. By comparing Fig. 1(a) with Fig.
2(a), and Fig. 1(b) with Fig. 2(b), we can see that the total
MDs utility is less than the sum-of-rewards under different
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(b) Time-average utility per MD versus V .

Fig. 2. Impact of maximum EH rate ηmax and number of MDs N on the
time-average utility per MD.

values of V .
Figs. 3(a) and 3(b) show the dynamics of energy queues
and the obtained rewards over time. At the startup phase, the
MDs accumulate energy in their batteries, and when the energy
queue length reaches a certain level, its bidding, i.e., the value,
increases, see Eq. (23). Therefore, it wins the bid and processes
the task, which consumes energy, obtains rewards for the edge
system, and drops the bidding back. At the same time, EH
recharges the battery and raises the MDs bidding, an so on.
This explains the fluctuation in the energy queue length and
obtained rewards of Figs. 3(a) and 3(b).
The results in Figs. 3(a) and 3(b) show a larger energy
queue length and higher rewards for a larger V ; therefore,
a large battery capacity is required for large V to obtain more
rewards for the edge system. Furthermore, Fig. 3(a) shows
the comparison between the actual energy queue length and
the battery capacity, Eq. (30). It shows that the actual energy
queue length is bounded by the battery capacity Λ for different
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(a) Energy queue length over the operation time
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Fig. 3. Comparison of energy queue length with the battery capacity Λ under
different V .

values of V .
In Fig. 4, we compare the performance of the RoA scheme
with other two auction schemes, i.e., greedy auction and
power consumption-aware auction (PCA). These schemes are
similar to the solutions that consider the reward only, as in
[15], and both the reward and the power consumption in the
value function, as in [37]. It can be seen from Fig. 4(a) that
the sum-of-rewards achieved by RoA exceeds that of both
greedy auction and PCA under various maximum EH rates.
This is because the value function of the RoA scheme jointly
considers the energy availability, the energy consumption and
rewards to process computation tasks. Furthermore, PCA only
marginally improve the sum-of-rewards, in comparison to
the greedy scheme. Therefore, the boost of sum-of-rewards
achieved by the RoA comes from taking the spare capacity of
MDs as the weight of energy consumption in Eq. (23). Fig.
4(b) shows the rewards achieved by the three schemes over
time. As shown in the figure, both the PCA and the greedy
auction start to obtain rewards earlier than the RoA, since they
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motivate the MDs to undertake computation tasks once they
harvest enough energy. Unfortunately, the obtained rewards of
the PCA and the greedy auction at the stable state is much less
than that of the RoA. This is because their value functions do
not take the residual energy in the battery into consideration.
As such, MDs easily fall into energy-deficient state in the PCA
and the greedy auction, thus lose the chances to process tasks.
Fig. 4(c) compares the MD utility of the three auction
schemes for a range of maximum EH rates. We can see that the
MD utility of PCA and greedy auction is larger than that of the
RoA scheme because PCA and greedy auction maximize the
MD utility only in each time slot rather than over long-term.
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Fig. 5 shows the relationship between the time-average
payment and the rewards of computation tasks, under different
values of V . Recalling that the payment captures the impact
of the presence of a MD in the edge computing system, the
MD that processes a task with a higher reward obtains a higher
payment, since it provides a more valuable service for the edge
system. Furthermore, a higher value of V also leads to higher
payments. It indicates that the dispatcher pays more to MDs
to motivate them to process computation tasks under a larger
value of V .
To show the impact of the mobility on the long-term sumof-rewards, we incorporate the mobility model used in [38],
i.e., a cell-partitioned network with size 10 × 10. The mobile
devices move across cells according to a Markovian random
walk. At the end of each time slot, a MD decides to stay in its
current cell with probability 0.75, else moves to an adjacent
cell with probability 0.0625. If there is no feasible adjacent
cell, then the MD stays in the current cell. Given that the
MD is in the central cell, the value of hn (t) is uniformly
distributed between [0.8, 1.2] which captures the stochastic
nature of wireless channels. In the outer cells, the value of
hn (t) increases exponentially with exponent 2.5. For example,
the value of hn (t) in the second ring, i.e., the red zone in Fig.
6, ranges between [22.5 × 0.8, 22.5 × 1.2].
Fig. 7 shows that RoA outperforms PCA and Greedy auction
in the mobile scenario, in terms of sum-of-rewards. The reason
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have developed a winner and payment determination scheme
based on VCG-auction whereby the MDs can achieve optimal
utility by bidding truthfully. We have derived the required
battery capacity of each MD to join RoA. In addition, the
difference between the social welfare achieved by RoA and
the optimal strategy is quantified to show the optimality of
RoA. At last, extensive simulations were conducted to verify
the effectiveness and efficiency of RoA.
In the future, we will investigate the computation offloading
in multi-tier edge-computing systems which can provide more
flexible computation services for IoT devices.
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is that we use the Lyapunov optimization to decompose the
long-term optimization problem to a series of subproblems
that require myopic optimal solutions, i.e., optimizing the
value function, requiring only the non-prior knowledge of
the mobility. As such, the MDs can dynamically adjust their
bidding according to the positions over the operation horizon.
Comparing Fig. 4 with Fig. 7, we can find that the sumof-rewards decreases significantly in the mobile scenario,
since that the value of hn (t) increases exponentially with the
distance between the dispatcher and the MDs.
VII. C ONCLUSIONS
In this paper, we have proposed an online and truthful
auction to facilitate rewards-optimal computation offloading
in the edge-computing systems. To deal with the stochastic
nature of the EH process and computation tasks arrivals, we
apply Lyapunov optimization to design the value function for
MDs, based on which the instantaneous reward and the impact
of the current action on processing future tasks are evaluated.
No priori knowledge of the EH process or task arrivals is
required. To guarantee the truthfulness of the auction, we

[1] X. Li, R. Lu, X. Liang, X. Shen, J. Chen, and X. Lin, “Smart community:
an internet of things application,” IEEE Commun. Mag., vol. 49, no. 11,
pp. 68–75, November 2011.
[2] D. Zhang, R. Shen, J. Ren, and Y. Zhang, “Delay-optimal proactive
service framework for block-stream as a service,” IEEE Wirel. Commun.
Lett., vol. 7, no. 4, pp. 598–601, 2018.
[3] K. Zhang, Y. Mao, S. Leng, Y. He, and Y. Zhang, “Predictive offloading
in cloud-driven vehicles: Using mobile-edge computing for a promising
network paradigm,” IEEE Veh. Technol. Mag., vol. 12, no. 2, pp. 36–44,
June 2017.
[4] X. Peng, J. Ren, L. She, D. Zhang, J. Li, and Y. Zhang, “Boat: A
block-streaming app execution scheme for lightweight iot devices,” IEEE
Internet Things J., vol. 5, no. 3, pp. 1816–1829, 2018.
[5] S. Wang, X. Zhang, Y. Zhang, L. Wang, J. Yang, and W. Wang, “A
survey on mobile edge networks: Convergence of computing, caching
and communications,” IEEE Access, vol. 5, pp. 6757–6779, 2017.
[6] J. Ren, H. Guo, C. Xu, and Y. Zhang, “Serving at the edge: A scalable
iot architecture based on transparent computing,” IEEE Netw., vol. 31,
no. 5, pp. 96–105, 2017.
[7] M. Chen, Y. Hao, Y. Li, C.-F. Lai, and D. Wu, “On the computation
offloading at ad hoc cloudlet: architecture and service modes,” IEEE
Commun. Mag., vol. 53, no. 6, pp. 18–24, 2015.
[8] (2017) Hyrax crowd-sourcing mobile devices to develop edge clouds.
[Online]. Available: http://hyrax.dcc.fc.up.pt
[9] L. Huang, “Optimal sleep-wake scheduling for energy harvesting
smart mobile devices,” IEEE Trans. Mobile Comput., to appear,
DOI: 10.1109/TMC.2016.2591541.
[10] “Solar nano smartphone case gives your phone perpetual
power.” [Online]. Available: https://www.psfk.com/2015/01/solar-nanosmartphone-case-gives-your-phone-perpetual-power.html
[11] “Sunthetic is a solar case charger beautifully designed for your iphone.”
[Online]. Available: https://sunthetic.eu/
[12] “Sunny - the only solar battery case for iphone that actually works.”
[Online]. Available: https://sunnycase.com/
[13] L. Pu, X. Chen, J. Xu, and X. Fu, “D2D fogging: An energy-efficient
and incentive-aware task offloading framework via network-assisted d2d
collaboration,” IEEE J. Sel. Areas Commun., vol. 34, no. 12, pp. 3887–
3901, 2016.
[14] Y. Mao, J. Zhang, and K. B. Letaief, “Dynamic computation offloading
for mobile-edge computing with energy harvesting devices,” IEEE J.
Sel. Areas Commun., vol. 34, no. 12, pp. 3590–3605, 2016.

1536-1233 (c) 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TMC.2019.2901474, IEEE
Transactions on Mobile Computing
13

[15] A. L. Jin, W. Song, P. Wang, D. Niyato, and P. Ju, “Auction
mechanisms toward efficient resource sharing for cloudlets in mobile
cloud computing,” IEEE Trans. on Serv. Comput., vol. 9, no. 6, pp.
895–909, 2016.
[16] A. L. Jin, W. Song, and W. Zhuang, “Auction-based resource allocation
for sharing cloudlets in mobile cloud computing,” IEEE Trans. Emerg.
Topics Comput., to appear, DOI: 10.1109/TETC.2015.2487865.
[17] M. Jia, W. Liang, Z. Xu, and M. Huang, “Cloudlet load balancing in
wireless metropolitan area networks,” in IEEE INFOCOM, 2016.
[18] S. Guo, B. Xiao, Y. Yang, and Y. Yang, “Energy-efficient dynamic
offloading and resource scheduling in mobile cloud computing,” in IEEE
INFOCOM, 2016.
[19] L. Tong, Y. Li, and W. Gao, “A hierarchical edge cloud architecture for
mobile computing,” in IEEE INFOCOM, 2016.
[20] G. Zhang, W. Zhang, Y. Cao, D. Li, and L. Wang, “Energy-delay
tradeoff for dynamic offloading in mobile-edge computing system with
energy harvesting devices,” IEEE Trans. Ind. Informat., to appear,
DOI : 10.1109/TII.2018.2843365.
[21] Y. Mao, J. Zhang, S. H. Song, and K. B. Letaief, “Stochastic joint
radio and computational resource management for multi-user mobileedge computing systems,” IEEE Trans. Wireless Commun., vol. 16, no. 9,
pp. 5994–6009, Sept 2017.
[22] L. Chen, S. Zhou, and J. Xu, “Computation peer offloading for energyconstrained mobile edge computing in small-cell networks,” IEEE/ACM
Trans. Netw., to appear, DOI : 10.1109/TNET.2018.2841758.
[23] H. Wu, Y. Sun, and K. Wolter, “Energy-efficient decision making for
mobile cloud offloading,” IEEE Trans. Cloud Comput., to appear.
[24] W. Shi, L. Zhang, C. Wu, Z. Li, and F. C. M. Lau, “An online auction
framework for dynamic resource provisioning in cloud computing,”
IEEE/ACM Trans. Netw., vol. 24, no. 4, pp. 2060–2073, 2016.
[25] “Lora alliance.” [Online]. Available: https://www.lora-alliance.org/
[26] “Narrowband
internet of things (nb-iot).” [Online]. Available:
https://www.gsma.com/iot/narrow-band-internet-of-things-nb-iot/
[27] J. Kwak, O. Choi, S. Chong, and P. Mohapatra, “Dynamic speed scaling
for energy minimization in delay-tolerant smartphone applications,” in
IEEE INFOCOM, 2014.
[28] L. Huang and M. Neely, “Utility optimal scheduling in energy-harvesting
networks,” IEEE/ACM Trans. Netw., vol. 21, no. 4, pp. 1117–1130, 2013.
[29] J. Dai, F. Liu, B. Li, B. Li, and J. Liu, “Collaborative caching in
wireless video streaming through resource auctions,” IEEE J. Sel. Areas
Commun., vol. 30, no. 2, pp. 458–466, 2012.
[30] M. Khaledi, M. Khaledi, and S. K. Kasera, “Profitable task allocation
in mobile cloud computing,” in Q2SWinet, 2016, pp. 9–17.
[31] Y. Liu, M. Dong, K. Ota, and A. Liu, “Activetrust: Secure and trustable
routing in wireless sensor networks,” IEEE Trans. Inf. Forensics Security,
vol. 11, no. 9, pp. 2013–2027, Sept 2016.
[32] W. Zhu, J. Cao, Y. Xu, L. Yang, and J. Kong, “Fault-tolerant rfid reader
localization based on passive rfid tags,” IEEE Trans. Parallel Distrib.
Syst., vol. 25, no. 8, pp. 2065–2076, Aug 2014.
[33] M. J. Neely, “Stochastic network optimization with application to
communication and queueing systems,” Morgan & Claypool Publishers,
2010.
[34] D. Zhang, Z. Chen, M. K. Awad, N. Zhang, H. Zhou, and X. S.
Shen, “Utility-optimal resource management and allocation algorithm
for energy harvesting cognitive radio sensor networks,” IEEE J. Sel.
Areas Commun., vol. 34, no. 12, pp. 3552–3565, 2016.
[35] D. Fudenberg and J. Tirole, “Game theory,” Cambridge, MA, USA: MIT
Press, 1991.
[36] H. W. Kuhn, “The hungarian method for the assignment problem,” Naval
research logistics quarterly, vol. 2, pp. 83–97, 1955.
[37] L. Zhang, S. Ren, C. Wu, and Z. Li, “A truthful incentive mechanism
for emergency demand response in colocation data centers,” in IEEE
INFOCOM, 2015.
[38] R. Urgaonkar and M. Neely, “Opportunistic scheduling with reliability
guarantees in cognitive radio networks,” IEEE Trans. Mobile Comput.,
vol. 8, no. 6, pp. 766–777, 2009.

Deyu Zhang [S’15, M’16](zdy876@csu.edu.cn)
received the B.Sc. degree in Communication
Engineering from PLA Information Engineering
University in 2005; and M. Sc degree from Central
South University (CSU) in 2012, China, all in
Communication Engineering. He received his Ph.D
degree in CSU in computer science. He has been
a visiting scholar with the Department of Electrical
and Computer Engineering, University of Waterloo,
ON, Canada from 2014 to 2016. He is now an
assistant professor with School of Software, and a
postdoc fellow with School of Information Science and Engineering, all in
CSU. His research interests include stochastic resource allocation in wireless
sensors network and Cloud Radio Access Networks, edge computing and
transparent computing.

Long Tan (tanlong@csu.edu.cn) received the
B.Sc. degree in Food Science and Engineering
from Xinjiang University in 2017. He is now a
master student of computer science with School
of Computer Science and Engineering in Central
South University. His current research interests
include wireless communication and data mining in
internet of things.

Ju Ren [S’15, M’16](renju@csu.edu.cn) received
the B.Sc. (2009), M.Sc. (2012), Ph.D. (2016)
degrees all in computer science, from Central
South University, China. During 2013-2015, he
was a visiting Ph.D. student in the Department of
Electrical and Computer Engineering, University of
Waterloo, Canada. Currently, he is a professor with
the School of Computer Science and Engineering,
Central South University, China. His research
interests include Internet-of-Things, wireless
communication, network computing and cloud
computing. He is a co-recipient of the best paper award of IEEE IoP’18 and
the most popular paper award of Chinese Journal of Electronics (2015-2018).
He currently serves/served as an associate editor for IEEE Transactions
on Vehicular Technology and Peer-to-Peer Networking and Applications,
and a TPC member of many international conferences including IEEE
INFOCOM19/18, Globecom17, WCNC17, WCSP16, etc. He also served
as the TPC chair of IEEE BigDataSE 2019, a poster co-chair of IEEE
MASS18, a track co-chair for IEEE/CIC ICCC19, IEEE VTC17 Fall and
IEEE I-SPAN18, and an active reviewer for over 20 international journals.
He is a member of IEEE and ACM.

1536-1233 (c) 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TMC.2019.2901474, IEEE
Transactions on Mobile Computing
14

Mohamad Khattar Awad (S’02, M’09, SM’18),
earned the B.A.Sc. in electrical and computer
engineering (communications option) from the
University of Windsor, Ontario, Canada, in 2004
and the M.A.Sc. and Ph.D. in electrical and
computer engineering from the University of
Waterloo, Ontario, Canada, in 2006 and 2009,
respectively.
From 2004 to 2009 he was a research assistant
in the Broadband Communications Research Group
(BBCR), University of Waterloo. In 2009 to 2012,
he was an Assistant Professor of Electrical and Computer Engineering at
the American University of Kuwait. Since 2012, he has been with Kuwait
University, where he currently is an Associate Professor of Computer
Engineering.
Dr. Awad’s research interest includes wireless and wired communications,
software-defined networks resource allocation, wireless networks resource
allocation, and acoustic vector-sensor signal processing. He received the
Ontario Research & Development Challenge Fund Bell Scholarship in 2008
and 2009, the University of Waterloo Graduate Scholarship in 2009, and a
fellowship award from the Dartmouth College, Hanover, NH in 2011. In
2015 and 2017, he received the Kuwait University Teaching Excellence
Award and Best Young Researcher Award, respectively. Dr. Awad serves on
the editorial board of the IEEE Transactions on Green Communications and
Networking (TGCN).

Peng-Jun Wan [F’16](wan@cs.iit.edu) received the
BS degree is applied mathematics from Tsinghua
University in 1990, the MS degree in operations
research and control theory from the Chinese
Academy of Sciences in 1993, and the PhD
degree in computer science from the University of
Minnesota in 1997. He is currently a professor of
Computer Science and Engineering at the Illinois
Institute of Technology. His research interests
include design and analysis of approximation
algorithms for optimization problems in wireless
networks and optical networks.

Shan Zhang [S’13, M’16](zhangshan18@buaa.edu.cn)
received her Ph.D. degree in Department of
Electronic Engineering from Tsinghua University,
Beijing, China, in 2016. She is currently an
assistant professor in the Department of Computer
Science and Technology, Beihang University,
Beijing, China. She was a post doctoral fellow
in Department of Electronical and Computer
Engineering, University of Waterloo, Ontario,
Canada, from 2016 to 2017. Her research interests
include mobile edge computing, wireless network
virtualization and intelligent management. Dr. Zhang received the Best Paper
Award at the Asia-Pacific Conference on Communication in 2013.

Yaoxue Zhang [M’17, SM’17](zyx@csu.edu.cn)
received his B.Sc. degree from Northwest Institute
of Telecommunication Engineering, China, in 1982,
and his Ph.D. degree in computer networking from
Tohoku University, Japan, in 1989. Currently, he is
a professor in the Department of Computer Science
at Central South University, China, and also a
professor in the Department of Computer Science
and Technology at Tsinghua University, China. His
research interests include computer networking,
operating systems, ubiquitous/pervasive computing,
transparent computing, and big data. He has published over 200 technical
papers in international journals and conferences, as well as 9 monographs
and textbooks. He is a fellow of the Chinese Academy of Engineering and
the Editor-in-Chief of Chinese Journal of Electronics.

1536-1233 (c) 2018 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

