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Abstract. When applying fog computing paradigm into Internet of
vehicle, vehicles are regarded as intelligent devices with computation
and communication capability. These moving intelligent devices are often
employed to assist various computation-intensive task offloading in vehi-
cle fog computing, which brings real-time responses. However, vehicles
mobility and network dynamics make it challenging to offload tasks to
ideal target nodes for user-vehicle. In this paper, leveraging the result
of vehicle mobility-awareness, we investigate the task offloading problem
in vehicle fog computing aiming to minimize service time. Specifically,
we consider that a task can be decomposed into subtasks in any propor-
tion and offloaded from user-vehicle to multi service vehicles in parallel
via vehicle-to-vehicle (V2V) links. Mobility information of vehicles col-
lected by RSU is modeled to predicted the states of V2V links based
on hidden Markov model (HMM). Then, we refine a rule to select tar-
get service-vehicles and the size of each subtask according to predicted
results. Comparing with random and single-point task offloading, the
proposed approach indicates a better performance on amount of finished
task and service time in vehicle dense area.

Keywords: Mobility - Task offloading - HMM -
Vehicle fog computing - Parallel offloading

1 Introduction

With the development of wireless multimedia service, increasing more mobile
applications such as immersive gaming, video streaming and human-computer
interaction services demand intensive computation resource for real-time pro-
cessing and high network bandwidth for data exchange [1]. Fog computing also
known as mobile edge computing [2], is regarded as a promising solution for
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those challenges by sinking cloud function to edge nodes [3]. To this end, vari-
ous service tasks generated in user side can be offloaded to target edge servers,
taking advantage of sufficient resources on edge servers when mobile users suffer
from limited device resource [4].

The development of autonomous driving technology illustrates that the future
vehicles are equipped with advanced computational resources to facilitate sophis-
ticated artificial intelligence (AI) based on multi-dimension data collected by
on-board-unit [5]. The idea of vehicle-as-a-resource has been proposed, which
exploits the enormous resources of vehicular network to facilitate new types of
services, such as mobile crowd sensing [6] and cooperative caching [7]. Thus it
is a good way to share resource that applying fog computing in vehicle-based
settings, to form vehicle fog computing [8]. In vehicle fog computing system, the
role of vehicle can be a user or a edge server that is named as user-vehicle (User-
V) and service-vehicle (Service-V) respectively in this work. Task offloaded from
User-V to Service-V relies on successful transmission via vehicle-to-everything
(V2X), including vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I)
over different protocols [9].

In the literature, there are some recent efforts dedicating to task offloading in
vehicle fog computing. In [10], the authors pointed to exploiting parked cars for
task offloading and cooperative sensing. On the contrary, since parked cars can be
regarded as static cloud servers, the moving vehicles produce more opportunities
to share resources but also high dynamics of vehicle network, which increase the
complexity of offloading decision. Some researches focus on utilizing vehicles
on the move endowed with ample computation resources. The authors in [§]
extended the fog computing paradigm to conventional vehicular networks, and
presented a viewpoint of vehicles as infrastructures, discussing the structure in
four types of application scenarios. Authors in [11] concentrated on various types
tasks offloading in mobile-edge cloud-based vehicular networks. And optimal
strategies for mobile edge server selection and task transmission management
are proposed. However, they all consider single service node provides resources
for computation-intensive task.

In this paper, we consider multi moving vehicles provide service for user-
vehicle in parallel processing different parts of one task to meet low-latency
demand. To improve the offloading efficiency, we estimate the states of V2V
links based hidden Markov model (HMM) modeling the mobility information
collected by RSU. After that, we refine a task parallel offloading scheme consid-
ering transmission delay, computation delay, as well as task decomposition and
handover cost.

The rest of the paper is organized as follows. Section 2 introduces the system
scenario; Sect. 3 gives an account of mobility awareness based on V2V links states
prediction with HMM. Section 4 analyzes the task parallel offloading policy
for service delay reduction. Then simulations are implemented in Sect.5 and
conclusions are provided in Sect. 6.
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2 System Overview

As illustrated in Fig.1, User-V has little computation resource for remained
intensive and delay-sensitive task but sufficient communication resource to estab-
lish V2I or V2V links. There are several neighbor vehicles with available compu-
tation and communication resource in the same RSU coverage area as User-V,
such as vehicles A-E in Fig. 1. These vehicles are denoted as N' = {1,2,---n}
with different computation capabilities f,, and regarded as moving intelligent
devices. The RSU can collect mobility information from them and control links
between vehicles according to offloading decision.
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Fig. 1. Illustration of vehicle fog computing system.

We focus on a scenario where User-V with unknown trajectory tends to
offload subtasks (parts of task derived from task decomposition in any propor-
tion) to several service vehicles (Service-Vs) for computation resource sharing
gain. The objective is to complete more tasks in short service time. At the begin-
ning of offloading process, User-V sends the offloading requests and reports its
mobility information to RSU. After received the messages, RSU analyzes all
the current and historical mobility information in the coverage area to forecast
the states of V2V links between User-V and Service-Vs in the residence time of
User-V. Then, RSU selects appropriate vehicles as target edge nodes, formed as
set V5 based on available resources. Vehicles in V5 are able to provide service
for User-V simultaneously. Afterwards, V2V links between User-V and Service-
Vs are established with RSU’s assistance and the task is decomposed according
to available resources on Service-Vs. User-V transmits different subtasks to the
selected nodes with the assistance of RSU. Upon the nodes finishing the cor-
responding subtasks in parallel, they send the results back to User-V. If task
has not been finished by Service-Vs during the time user stayed in the cover-
age, additional handover cost will be accounted for service time ¢;. According
to these steps, the task parallel offloading scheme is based on the estimation of
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states of V2V links that are dynamic due to vehicle mobility. So we address the
challenge of mobility awareness firstly based on HMM.

3 HMM-Based Mobility Awareness

We resort to the tool of HMM to characterize the mobility information of vehi-
cles and predict the states of V2V links, which influence component of V4 and
transmission rate. Afterwards, we take into account transmission, computation,
as well as task decomposition and handover cost to refine a task parallel offload-
ing approach.

3.1 HMM Description

HMM is a typically dynamic Bayesian Network, and a sequential probability
model [12]. It is good at describing a process of observable states sequence gen-
erated by a hidden Markov chain. The variables in HMM can be divided into
two sets, hidden states and observable states.

— Hidden states sequence: {s1,s2, -+ ,s:}. S is the state space including S
elements, and s; € S denotes the ¢t-th state. Besides, the state s; only relates
to the state s;_1, following Markov rules.

— Observable states sequence: {01,092, --,0:}. Observable state space O
includes O elements, and o; € O indicates the t-th observable state. The
values of observable states only depend on the current hidden states value.

An HMM can be defined by three parameters:

— A: transmission matrix A = [a;;]g, ¢, Where a;; is the transmission proba-
bility of taking transmission from state s; to s;,

Qi3 = P(St+1 = Sj|8t = Si) s 1 S Z,] S S. (1)

— B: confusion matrix. According to the model, the probabilities of observable
states are obtained from current states values, denoted as B = [bj]g, - bij
indicates the probability of observation o; when state s; is at time ¢,

bij:P(Ot:0j|St:Si),1Sigs,lSjSO. (2)

— r: Initial state probability # = (my, 72, -+ ,7s) indicates the probability of
initial state,
Wi:P(Slzsi),lgiSS. (3)

The HMM can be written in a compact notation § = (A, B, x).
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3.2 HMM-Based V2V-Link States Prediction

We predict the states of V2V links between User-V and Service-Vs based on the
mobility information collected by RSU, i.e. the relative distance across User-V
and Service-Vs. V2V links states contain main two variables, the connectivity
between User-V and Service-Vs and relative distance between them.

There are many uncertain impact factors in state of connectivity except rel-
ative distance because of sophisticated network environment, such as Service-V
authorization and transmission obstacle. Therefore, we apply HMM to estimate
the fuzzy relationship between relative distance and connectivity according to
historical mobility information, and to predict both of them in the following
period, which helps amount of available resource estimation and transmission
delay prediction. In the process, the residence time of User-V in the cover-
age area is divided into T isometric slots, and the length of each slot is Tj.
The hidden states value of Service-Vs is s; = {1,0},0 < t < T, describing
whether the vehicle could communicate with User-V via V2V links in the slot .
The observable values in slot ¢ are one of O levels of relative distance noted as
ot € O = {01,092, --00}, as shown in Fig. 2.

Hidden states

bio
Observablestates ( 0o ) (0, ) ...

Fig. 2. Framework of the HMM with hidden states {s1 = 0,s2 = 1}, observable values
include O levels of relative distance.

In this way, we can learn the transmission matrix A, confusion matrix B,
initial state probability 7 from the historical relative distance information in
the coverage area using Baum-Welch algorithm in HMM. Then, we can find
the most possible hidden states value and observable states value of Service-
Vs in every slot based on the derived HMM model parameters § = (A, B, )
through forward algorithm. To this end, it is easy to know the transmission rate
according to the sequence of relative distance (observable states) O. Then we can
choose appropriate vehicles as edge servers who can communicate with User-V
via V2V links and offer abundant communication resource (high transmission
rate). A solution scheme of HMM model based on the Baum-Welch algorithm
and forward algorithm is represented as follows.
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Baum-Welch algorithm starts from initial mode parameters, adjusting
them based on the given sequence of observation to maximize probabil-
ity of the sequence. Firstly, we definite Q-function Q(6,0) based on the
log likelihood function of HMM log P(O,S|f), where O is the observable
states sequence, S denotes the hidden states sequence, and log P(O,S|0) =

7.(-511781 (Ol)aslsz sz (02) ©rlsp_qsp bST (OT)'

Q(6,6) = > _log P(0,S|6)P(O, S|f)
S

= ZIOgW51P(O, S\é)
S
T—1 ~
+y (Z log a+> P(0,S|6)
S t=1
T —
+) (Z log bs, (ot)) P(0,8|6),
S t=1

where 6 is current estimated mode parameters, and 6 is the goal of parameters.

We can obtain § = (A, B, 7) by maximizing Q-function. Specifically, we can use

Lagrange multiplier subjected to Y 7, = 1,> a;; = 1,) b;; = 1 to maximize
i j i

(4)

three items [13] in (4) respectively to estimate the goal parameters:

Ty = P(O,Sl = fz|9)’ (5)
: P(0,S|0)
71 _
P(O, sy = 84, S¢41 = 5,40)
t=1
ij = o1 - ) (6)
> P(O,s; = si/0)
t=1
T-1 _
> P(O,s; =s4|0)L(oy = 0;)
i=1
bij = 7o : (7)

1
P(O,s; = s;|0)
t=1
Given the mode 6 = (A, B, ), the likelihood of V2V links connectivity (hid-
den states) and relative distance (observable states) are calculated with forward
algorithm as soon as the User-V steps into the RSU coverage. Forward likelihood

means the possibility of a condition where observation sequence is 01,01, - - - 04,
the state value is s; at slot ¢ in the HMM 6, noted as
at(s;) = P(01, 02, 01, 8¢ = 54]0). (8)

Possibility of all the possible observation sequence during the residence time
will be calculated iteratively while possibilities of hidden states are available
from the hidden Markov chain. We choose the most possible hidden state S
and observation sequence O as the predicted results to help target Service-Vs
selection.
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4 Proposed Task Parallel Offloading Scheme

Based on the results of connectivity and relative distance prediction with HMM,
we can start task parallel offloading aiming to reduce service time which is defined
as follows.

4.1 Service Time Model

In the procedure of task parallel offloading, the service time introduces task
transmission delay, computation delay, as well as task decomposition and han-
dover cost.

— Transmission Delay via V2V Link
The task data is transmitted from User-V to the Service-Vs through the
wireless V2V channel, let H,,(0f,) describe the channel gain between the User-
V and Service-V n at slot t. Given the transmission power of User-V Py, the
maximum achievable transmission rate is given by:

Hy(0},) P tX>

r(n,t) = Wlog, (1 + :2 i
n

9)

where W is the channel bandwidth, o is the noise power and I,, is the intra-
cell interference power. Then, A, is the subtask size. The transmission delay
for sending the subtask to selected node n is

At
r(n,t)’

di(n,t) = (10)
In addition, result-return transmission delay, packet loss and control data
transmission are not considered in this work. And the following analysis and
the proposed solutions are still applicable with the consideration.

— Computation Delay
In slot ¢, we employ computation capabilities f}* to describe the CPU fre-
quency of Service-V n. If Service-V n is allocated to compute a subtask of
size A, and computation intensity ~, given the allocated CPU frequency f/,
the computation delay is

A
do(n,t) = 221 (11)
Fi4
We assume there is no change on Service-Vs computation capabilities during
the residence time, recorded as ft = f,,t =1,2,---,T.

— Task Decomposition Cost
Because task offloading can be parallelized, task has to be decomposed into
several subtasks, which produces decomposition cost related with the num-
ber of target Service-Vs. Each additional new target Service-V brings extra
decomposition delay cy. We can cumulate the whole task decomposition
cost by

Cyqy= chz(n), (12)
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where z(z) is an indicator function with z(z) = 1 if event x € V4 is true
and z(z) = 0 otherwise. ¢q is a constant that expresses decomposition cost
brought by every new target Service-V.
— Handover Cost

If the task is not completed during the residence time, User-V leaving this
coverage area switches to a different RSU. The rest of task has to offload to
other vehicles via V2V links assisted by another RSU, which brings handover
procedure and task migration cost

Ch = Ch()\ — Z )\n), (13)

where A is the size of initial task, A, is the size of accomplished by Service-V
n, and ¢, is a constant, the handover cost per task volume.

Thus, the service time can be derived from t; = d; 4 d. + Cq + C}.

4.2 Task Parallel Offloading Scheme

Up to now, we can refine an offloading approach for task service time ¢ reduc-
tion. Connectivity of V2V links between User-V and Service-Vs in every slot is
obtained, recorded as

11 S12 * - S1T

§21 S22 *** SaT
SnXT =

Snl Sn2 **° SnT

The value of s;; is 0 or 1. s;; = 1 means Service-V 4 can communicate with
User-V in slot j, otherwise there is no connectivity between them. Similarly,
we can get the relative distance from User-V to Service-Vs O,,xr. Thus, the
transmission rate matrix according to (9), denoted as

T11 AV

T21 - T2T
TpxT = )

Tnl *TnT

where r;; expresses the transmission rate between User-V and Service-V ¢ inj-th
slot. The available transmission resources can be derived as

S11 X T11 -+ S1T7 X 11T
tr _ A .
R, =Sor= : . (14)
Spl X Tpil " SnT X TnT

Meanwhile, Service-Vs are equipped with diversity computation capabil-
ities those keep steady during the residence time, so we write f,.;

(flvav" : 7fn)T'
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Algorithm 1. HMM-based task parallel offloading algorithm
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Baum-Welch algorithm mode initial () = (A<O>,B(O),ﬂ'<0));
iteratively cumulate a;;, b;;, 7, based on (5), (6) and (7);
up on convergency, get the goal parameters § = 6 = (A<"),B(">,7r<"));
forward algorithm value initial a1(s;) = m;b;i(01)
for each n € N do
for each t € [1,7 — 1] do
iteratively compute a¢+1(s;) based on (8);
PO) = Yar(s:);
w(t) = 7r(0)l x At

end for

: end for
¢ Onxr = argmax P(0|0);
o

¢ Snaxr = arg max mw(t);

Compute 7, x7, RYy based on (9), (14) respectively;

: for each t € [1,7] do

if max As(n,t) > fu X Tp then
for; each n € N do
if Ay < A then
compute As(n,t) based on (16);
accumulate Ay based on (17);
update target node set Vg;
else
record the time of traverse stop Ty = t;
break;
end if
end for
end if

: end for
: if Ay < X then

compute handover cost C}, based on (13);

considering handover cost, service time t; =t 4+ Ch;

: else

service time ty = T';

: end if

: return service time ¢y, amount of finished-task Ay.
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In slot ¢, if amount of task finished by Service-Vs is less than that of local
computation, it is unnecessary to offload for User-V. Considering this condition,
we select offloading-slots based on the local computation capability f, and the
maximum available Service-Vs resource in specific slot. The length of one slot is
fixed recorded as Tp, so for {(n,t)|R*(n,t) > 0} we can write

As(n,t) N As(n, t)y

S Re(t) T f (15)

To — cqz(n)
To simplify the cumulation, let Ay = A. = As. According to (15), the amount of
task finished by Service-V n in slot ¢ can be obtained by

[To — caz(n)] R (n,t) fn
R™(n,t)y + fn

As(n,t) = (16)
When we meet a new slot ¢, we can decide whether to offload in the slot based
on max As(n,t) and f, To. If max As(n,t) > f,To, subtasks will be offloaded to

Service-Vs in this slot; if not, they will be computed by User-V.

Obviously, Eq. (16) presents that greater R(n,t) = R (n,t) f, lead more fin-
ished task by Service-Vs. Thus, we choose target Service-Vs following the declin-
ing order list of R(n,t) until Ty when task is finished or User-V leaves the RSU
coverage. R(n,t) = 0 means that Service-V n has no chance to be picked into
the target node set in slot ¢. So far, we can accumulate the amount of finished
task Ay and total service time ¢y through traversing available resources in each
slot,

Ty
Ar =Y Ant). (17)

t=1 nev,

If Ay < A, C}, should be taken into total service time; otherwise C}, = 0,
tp=di+dc+Cy+ Cp=Ts + Cp. (18)

For clarity, the detailed steps of HMM-based task parallel offloading
algorithm (HMM-P) at the beginning of residence time are summarized as
Algorithm 1.

5 Simulation Results

In this section, we evaluate the proposed task parallel offloading algorithm by
comparing its performances with two algorithms, i.e., random offloading algo-
rithm and HMM-S algorithm. In the random offloading algorithm, User-V selects
a Service-V randomly in each slot to offload subtasks. In the HMM-S algorithm,
User-V selects only one Service-V in each available slot based on the prediction
of V2V links states according to HMM.

RSU coverage area is assumed as a circle with 200m radius. The vehi-
cles’ trajectory are generated randomly. Wireless channel gain is modeled as
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H,ol, = 127 + 30log (0,"). Besides, channel bandwidth W =20MHz, noise
power 02 = 1078 W, intra-interface I,, o« dy* (dy is the average distance
between vehicles and neighbouring small base station.), and transmission power
Py, = 200mW. Computation intensity is v = 3000 (cycle/bit) and vehicles’ CPU
frequency are uniformly distributed f, € [1,2] GHz. Similarly, the data size of
task is A € [0.5,2]Mb. Moreover, we set a observable state every 40m, so there
is O = 10.

The number of vehicles in the same RSU coverage area with User-V is referred
to vehicle density n. The resident time of User-V is divided into 8 slots, written
as T = 8, and length of each slot is Ty = 1 to simplify calculation. We formulate
1000 times for average value of A and ty.
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Fig. 3. The amount of finished-task in Fig. 4. The service time in different
different vehicle density conditions. vehicle density conditions.

We discuss amount of task finished by Service-Vs in different vehicle density
condition, and more vehicles in the coverage means the area is more dense.
Figure 3 compares the amount of task finished by HMM-P, random, and HMM-
S. As can be seen, the proposed approach finishes most task than other two
methods in vehicle dense area. And the amount of task finished by HMM-S
is most when vehicle density is small, while the figure of random algorithm
keeps the least in all conditions. The amount of task finished by HMM-P and
HMM-S both increase, and the figure for HMM-P takeovers that of HMM-S at
n = 7. Because in HMM-P there are few vehicles not constrained with inequality
max As(n,t) > fuTo, and task is most likely to be computed locally in vehicle

sparse area. Meanwhile, service time of three methods in diversity conditions is
analysed in Fig. 4 that shows opposite situations compared with Fig. 3. Although
the service time of HMM-P and HMM-S both decrease, greater changes occur
in that of HMM-P with the increase of vehicle density. Service time of random
algorithm remains largest around 127y, while that of HMM-P remains lowest
and it is less than 67j. Moreover, the data of HMM-S starts from approximately
107y and decrease to 8Ty at n = 5. The simulation results show advantages of
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HMM-P in vehicle dense condition since User-V can finished more task in less
service time assisted by Service-Vs.

Figure 5 shows the effect of slot granularity on amount of finished task. During
the fixed residence time, the more slots, the smaller Ty is, which means the
analysis process is more fine-grained. Amount of finished task with HMM-P
maintain steady at most, while that of random algorithm experience a significant
increase. And the figure for HMM-S remains steady after increasing dramatically.
At the same time, the effect of slot granularity on service time is discussed in
Fig. 6. Service time of three schemes are in decrease, but in different degrees.
That figure of HMM-P shows a modest decrease from approximately 8T, between
T = 2 and T = 15, while average service time for random algorithm and HMM-
S decreased dramatically. We can infer the reason is more fine-grained analysis
gives more chances to change Service-V and share resources which increase the
possibility of ideal target node finding. This result indicates fine-grained analysis
is more suitable for dynamic network.
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Fig.5. The effect of slot length on Fig. 6. The effect of slot length on ser-
amount of finished-task. vice time.

6 Conclusion

In this paper, the task parallel offloading approach is proposed in vehicle fog
computing system through HMM predicting V2V link states between vehicles.
We consider the scenario where multi service-vehicles provide resources for User-
V in parallel based on task decomposition, and refine an offloading node selection
rule for minimizing the task service time. The proposed approach presents good
performance on service time and finished-task amount compared with random-
selection and HMM-S in vehicle dense area. Besides, the effect of model parame-
ters on results is discussed, and it indicates appropriate value of number of slots
can result in better performance.
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