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INTRODUCTION

The cloud e-marketplaces can be referred to as the virtual environment for buying and selling of services. It
is virtual because it is not physical like the traditional markets but share the same simple idea of exchanging
goods for services. We assume goods are the costs, in terms of waiting time to access server paid by the
consumers or clients. These competitive markets consist of two major participants, the cloud e-market
consumers and the cloud e-market provider.

In a typical cloud market, response time is of interest to every consumer and is also a key source of
competitive advantage for any cloud e-market provider (C.C. Kim, L. Smith, H. Thorne and R.W. Hilton, 2008).
For example, a cloud provider must meet the service level agreement (SLA) and if possible, reduce the service
response time to attract more consumers. In addition, profit maximization is important to e-cloud providers. One
methods of balancing this is to look at various sources of costs and see how one can minimize cost to maximize
profit.

The work of (W. Deng, F. Liu, H. Jin, and C. Wu, 2013) mentioned three problems being faced by cloud e-
market providers. These are Skyrocketing power consumption and electricity bills, serious environmental
impact, and unexpected power outages. With the current server consolidation, the report in (“IDC,” 2013)
showed that about $45 billion was spent on server management and administrative costs in 2012. Therefore,
effective management of these Server Machines (SMs) in terms of cost minimization is imperative.

As a result of changing nature of cloud e-market, environments, and due to diversity of users’ requests, and
time dependency of load, providing agreed Quality of Service (QoS) while avoiding over-provisioning of server
machine is a difficult task (K. Xiong and H. Perros, 2009; G. Rahul, S.T Kishor, K.N. Vijay and S.K. Dong,
2010; K. Hamzeh, M. Jelena and B.M. Vojislav, 2011). One major challenge in this completive market and
which is our goal in this paper is on how to determine the optimal level of service (Server machines) to be
provided by cloud e-market provider that will minimize cost at the same time satisfies the consumer waiting
time.

To achieve our goal, we modeled the cloud e-marketplace as networks of queues with M/M/1/ k and
M/M/c/k where our arrival and service times are markovian while ¢ and k represent the number of server
machines and the buffer capacity respectively. The result of this queuing model was used to formulate our cost
model in terms of expected cost. The justification for using the queuing model was based on the work of (C.
Hao-peng and L. Shao-chong, 2010; G. Donald and M H. Carl, 1985) . Our assumption in this paper is in line
with that of (K. Hamzeh, M. Jelena and B. M. Vojislav, 2013; P. Ehsan and P. Massoud, 2009); that the cloud
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center consists of a number of SMs that are allocated to consumers in the order of arrival of requests where the
servers are physical servers. Furthermore, each task is assigned to only one server, and each server can only run
at most one task at a time. Our service provisioning is SaaS where the consumers are web applications.

Two major things are needed to get our optimal service level.

e  Accurate performance measure (Consumer Waiting Time).
e Good cost structure.

Researchers have used the queuing models to get some performance measures. For example, some have
used the single server (K. Xiong and H. Perros, 2009), Multiple server (P. Ehsan and P. Massoud, 2009) or
series network model (K. Hamzeh, M. Jelena and B.M. Vojislav, 2011; Xiaoming, H. Yifeng and G. Ling,
2011). All these have never accounted for the significant amount of time spent by cloud e-provider to update,
scale up or down as part of consumer waiting time. Our contribution is the re-engineering of a typical e-cloud
model as feed back networks of queues to get accurate response time which is then use to formulate our cost
model to achieve our goal. In our model we set up the database server as a feed back service station.

The remainder of this paper is organized as follows. Section Il discuses the related work. Section IlI
introduces our proposed model. In Section 1V, we have our simulation results and discussion. We have the
conclusion in Section V.

2. Literature Review:

Researchers have done much in the area of cloud e-market, however most works have been on
implementation while the performance related ones have received less attention (P. Ehsan and P. Massoud,
2009). Some authors used a generalized model, see (K. Xiong and H. Perros, 2009). In (N. Xiaoming, H. Yifeng
and G. Ling, 2011) the author modeled the cloud as series of queues with each service station as M/M/1 for
optimal resource allocation. In this work, the authors modeled a typical cloud e-market as three concatenated
queuing systems, which are schedule queue, computation queue and transmission queue. They then theoretically
analyzed the relationship between the service response time and the allocated resources in each queuing system.
The work of (P. Ehsan and P. Massoud, 2009) used the M/G/c to evaluate a cloud server firm with the
assumption that the number of server machines are not restricted. The result of the author demonstrated the
manner in which request response time and number of task in the system may be assessed with sufficient
accuracy. The extension of (K. Hamzeh, M. Jelena and B.M. Vojislav, 2011) was carried out by (K. Hamzeh,
2013). This author viewed the cloud as queue in series where the author modeled the dispatcher queue as
M/G/1/k and the others as M/G/c/k. The performance evaluation of this model using the response time as
performance indicator gave a reasonable result that works in favor of cloud real response time

All these authorsn (K. Xiong and H. Perros, 2009; K. Hamzeh, M. Jelena and B.M. Vojislav, 2011; P.
Ehsan and P. Massoud, 2009; N. Xiaoming, H. Yifeng and G. Ling, 2011; K. Hamzeh, 2013) have made
sufficient contributions and these have given us the opportunity to make our own contribution as a result of the
few observations we noticed. For example, the generalized modeling as discussed by (K. Xiong and H. Perros,
2009) may not reflect a real cloud e-marketplaces. Furthermore, modeling the cloud e-marketplaces as queue
with a single server by (N. Xiaoming, H. Yifeng and G. Ling, 2011) in each station may not be real. In addition,
the idea of an open buffer capacity by most authors (K. Xiong and H. Perros, 2009; K. Hamzeh, M. Jelena and
B.M. Vojislav, 2011; P. Ehsan and P. Massoud, 2009; N. Xiaoming, H. Yifeng and G. Ling, 2011) may not be
real. In addition, the significant amount of time spent by cloud e—market provider to update and collect
statistical record for scaling up or down was never accounted for by these authors. This has made us to re-
engineer a typical e-cloud model as feed back networks of queues and formulate our cost structure for the
determination of optimal service level.

3. Proposed Model:
The proposed model of our cloud e-market is shown in Fig. 1. This model consists of service stations that
are networked together. These are dispatcher queue, Web queue and the database queue.
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Fig. 1: Proposed Model of e-cloud market.
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The dispatcher receives all in coming requests from both the consumers (4. F f] and the database feedback

(I, f f] and then schedules the requests to web queue servers. The web queue servers act as the real processors
that provide the service based on First Come First Served (FCFS). In this model, each of the web queue stations
has ¢ (c= 1,2,...c) identical parallel servers with equal probability distribution of requests to each of the web
queue stations that is ky = k, = k;. As earlier said, the arrival and the service rate of the requests follow a
Poisson process. One other assumption in this network is in line with (N. Xiaoming, H. Yifeng and G. Ling,
2011), that the latency of internal communication between the master server, database server and the web queue
service stations is insignificant. We modeled the dispatcher and the database servers as M/M/1 queue
respectively and that of web queue stations as M/M/c/k queue. To get our performance measure, we followed
the six steps stated in (Prof. M. Bharathi, Prof. K.P. Sandeed and Prof. G.V. Poornim, 2012) and the law of
conservation of flow (K. Leonard, 1975).
The server utilization p, (for dispatcher) and p,(database) of the two servers are given as:

py="rrandp; =% &)

Unlike the work of some authors, for example (N. Xiaoming, H. Yifeng and G. Ling, 2011) where
Agpp <y was assumed for steady state condition, our model need not to assume that but,
o A= pgand [ = poWhere uy and ug represent the service rate of dispatcher and database.
o Expected rate of flow into a state = Expected rate of flow out of that state. For the dispatcher it is given as
[‘;l’sff + F’lj Fn = ‘;l’sffpn—l +f'{'1 'Fn+1 (2]
and for database server, it is given as
[:‘A'aff + ;) B, = ‘A'sffpn—l +uy Ppyy (3)

Therefore the probabilities of having one or more than one (n) web application(s) in the dispatcher P(disp)
and database P(dbase) servers are:

A g . e "
P(disp); = = F, and P(dbase), = L p, (4 P(disp), = | u”:l B, and
i »2 =i

Pi{dbase}, =

depy n

(=Z) & 5)
P(disp), = 2 "F, and P{dbasze), = 2 "F, (&)
Since the total probability = 1, then

o we1q—l
ENLE =1=3N, p"P, =1 =p," [ilﬂ;ﬂ] =1 {7} and for the database server it is given as
— Fi
_ _on[i=s™ -+

Ro=p [ ®)

because the queue cannot build up unbounded, where g, and p; are = 1

- = n 1-‘!'-'|:|_w_i -t
Pldisply = limy . " [1_—M] (%)
Using the L’Hospital rule [15], it follows that
-1
X . — [N+, ™
P(disp)y = lim, _, p," 1_—'511] =
n+1]"t
[
(10)
. T
Pi{dbase), =lim,__, p; .| =
= —Fi
wer]~t
[*] (1)

Combining the situation where g; and g, are = 1 for the dispatcher and dbase queues then we have
[ 1-g, V1

2] ifp <1

=" =

P(disp), = (12)

and
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o2 pp <1
P(dbase), = e (13)
if pp =1

This implies that for all value of n, n=0,1,2,3,.....N

T
o 1p el
FPdisp), = [ ::;.,_.:1—1] p | Py s
[T] if pp =1
and
Pldbase’), = [l_iiz.:l:_ ]-"'—"r‘ ifp =1 as)
“ [E]_lff p =1
1 P

In this experiment, /4, pzad g; are less than 1. Therefore, the expected number of web applications in
dispatcher and database system are:
E(Webdisp) = E:‘Izn"'ﬂ = E‘:'l;r=l." ney : PD

-1

_ [t (oM -+ e, (1-py)
- [—i_ﬂi ] [ PRPE | a6
E(webdbase) =
1-pa ¥ TN e M v (1-p2)
[ 1-p; ] [ [1-p,12 ] (17)

Two things we have done in our re-engineering process. The first is the modification of the little’s formulae
to determine the expected number of web applications in the dispatcher and database queues. This is because the
expected number of the web applications in dispatcher queue for example

E(disp. queue) = ¥¥_,(n —11F,
= Zn=onfy — Lioo By = E(Webgisp)-(1-Fo) (18)

B
but using Little formulae in our model we have E(dsisp. queue) = E(webyip) - I

bz

This is only true when the mean arrival rate is 4 However, from Eq. 18, 1-F, = ":—” because the mean
1

eff:
arrival rate is A¢¢ as long as there is vacancy in the queue and it is zero when the system is full. This gives us the
motivation to define our real effective arrival rate as 7 g . Therefore applying Eq. 18 and the little’s formulae as
’*:l—” =1-Fy OF der = 11, (1-Fp).

1
Thus, we can rewrite Eq. 18 as

E(dispqueue) = E(webygisp) - TL_FF (19)

1
This apply to database queue which is then written as
E(dbasequeue)= E(webyp) - =t (20)

u.
The second which is the re-engineering process is the calculation of the average waiting time in both the
queue and system of the dispatcher and the database where most authors like (N. Xiaoming, H. Yifeng and G.

E

Ling, 2011)multiply ;.Eff'_l by E{webdisp) as the waiting time in the dispatcher system or

=1 e . . -
Yo by Eldisp. quene]) as the waiting time in the dispatcher queue.
We based our waiting time both in dispatcher system (Wsyi;p;) and the queue ( Waggip) as

E':Lsdisp:'
Wsgigp = T Exisitdisp {(21)
1
Wagisp = (Wsﬂigp - u_:l * Exisirdisp (22)
1
i
Wagpase = (v"'rsdirp _I) * EXyizitdnase (23)
E':['Sdisp:' .
Wsgpaze = P Exyisitdbase (24)

Where Ex;: 5, represents the number of visit(s) to the dispatcher which is given as
Exyisit gisp = | ~__ and that of the database as
= foff
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1

Exvisit dbase — 1—1-"1:FF.

Each of our web queue service center is modeled as M/M/c/k with equal service distribution k;*zg as shown

in our model of Fig. 1 where i= 1,2,

3,....j represent the number of web queue service station and each station

has equal or identity servers (c) with the same service rate p. For example, web queue service station 1 whose
arrival rate is k;*zg may have 3 servers where the total service rate in that station is 3. Therefore, for each web
queue service station the mean arrival rate is given by

_[kjdeg formn=012
kr)'-sf'fu_[ 0 forn=NN+1,
and

_ Inp forn=012...c—1
Mo T lep forn=ce+1....

wherel <= e =N

N =1

(23)

(26)

From difference equation, giving steady- state probabilities F, and Fy, we have

n

Ry

. kider [ Kiter oo oo Kide n-1p

@7)

Bt=1+%s, [ki:‘-nﬂ' , Kifafr | w-Kifoff ,._1] (28)

Uy Uy prmnrm il
substituting the value kA, and u_

R = )
_q 1 kg :
[T () +
1 kit 4 o kihgr 3
S () T ()] @9)
and
=1 i
%(k'T"T) B, forn=c
= - i
Fa %(k'—“ﬂr) Fyforc<n=k (30)
cle il
0 forn= k
Therefore the expected number of web application in the queue of each service station i is given by
E (web queue;) =
L (g ™
M n—cm (Tﬂ’) E, (31)

but the server utilization in each web queue service station i is

kilg - . - . .
o= L substituting g;in Eq. 31 and differentiating
M
S i ] h
PP we have

kideff o

E (web qusus;) = F,
W —e)(1 - pdp 7]

B elfl-po?

[1 _ -D[N—r _

(32)

The expected number of web applications in the system is given as
E EWEb S}TSTEITIE-:] = E:;][-!ln‘pr. + E-:.I::TLP!’. ':33:]
Therefore, our modified little’s formulae then is

]-::;.P“'

i

Where ki, zf

E (web system,) = E [:we& qme:) +

(34)

“is the real effective arrival rate given as
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kiders' = ule— ZiZh(c —mE,]
Our web system and queue waiting time are
=1
Weystem; = | kdgr'| = EGweb system;)  (35)

=1

Wqueue; = | k;A E”-LJ = E (web queue; ) (36)

The average mean waiting time in the queue and system of all the web queue service stations are given as
iy

Waueue,,.. = ;El-:l_,‘i.-'u’queui (38)

Wsystemg,, = ]TIE-LLD‘NSYStemi (37)

In this research, the performance measure that was used as part of the determinant factor in our cost
structure was the Waqueue, ... Therefore, the total queue waiting time in all the service stations is given as
1"'l"'r':ltl:lta'l = v"'rqdisp + v"'hd'bas:— +1r'l.qu_l_1EI.IEwE ':38:]

A. Cost Model:
We based our cost structure on (A.T. Hamdy, 2011; R. Harsharger, 2013) where we attempt to balance two
conflicting issues.
e  Cost of offering the service
e Cost of delay in offering the service
The allocated resources considered in this cost model are all the servers in all service stations.
Letting ¢ represent the service level, then the expected total cost is formulated as

ETC(x) = EOC(x) = EWC(x) (39)
Where

ETC(x) = Expected total cost per unittime
EoClx) =

Expected costof operating the facility per unit time

ETC(x) = Expected cost waiting per unit ime
ETCG) = k» Waggea + (= +1) (40)
k = Cost value of waiting in the queue

4. Simulation:

We run the simulation to evaluate the performance of our model using Arena software. We set the
dispatcher arrival rate to 50 web applications per minutes and the probability distribution of each of the web
queue service station was set to 0.43 respectively. The database arrival was given a small probability
distribution of 0.14. Each of the web queue service stations has a buffer capacity of 200. Due to the scheduling
service distribution to the service stations, the dispatcher buffer capacity was 400. We created 2 web queue
service stations with each station having 3 server machines with identical service time of 0.07 per minutes. The
base time and the time unit were set to minutes with 10 replications and also with average of 299,5000 minutes
spent on each experiment. At the end of each experiment, the Wa,.q is recorded and used in our linear cost
model. We then increase the server machine in each web queue station by one. The results obtained are shown
in Tables 1- 4 and Figures 2-5.

RESULTS AND DISCUSSION

Our results in Table 1 and Fig.2 show the arrival and the departure of the web applications in and out of
each service stations. A total of 15,000 of web applications were received by the dispatcher and these were
distributed to each service station. An average of 2107.6 requests was generated automatically for the statistical
update of the database which has significant influence on the consumer waiting time. This is in line with our re-
engineering process as this number of visit to the database has a significant role to play in the total waiting time
of web application in the queue and in the system. Our re-engineering process is not to have a decrease in
waiting time when compared to the work of other authors (N. Xiaoming, H. Yifeng and G. Ling, 2011) but
towards an accurate waiting time to reflect a real typical cloud e-market. A total of 15,000 web applications was
serviced by the 3 service stations with identical web application requests in each station. This is in line with our
model of Fig. 1where total number of web applications that went into the system (4} is also the same that went
to the web queue stations. Thatis 1 = EI_ ki where j = 2 in this experiment.

The results in Table 2 and Fig. 3 represent the data collected at the end of every experiment where the
average queue waiting time is derived using our Eq. 36. In this table and figure, as the number of server machine
increases, the average queue waiting time decreases in each service station. Though at the point of using 16- 20
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server machines, the waiting time remain constant. The reason was due to constant service rate of our dispatcher
and database throughout the experiment. At those points, the web applications have zero waiting time in both
web queuel and 2 respectively but the dispatcher and database have some web applications on queue. The
average queue waiting time was then used in Table 3 and Fig. 4 to get our total cost based on Eq. 40. In this
table, our optimal service level is at the point where we have the Min(ETC;) which is 10 in this experiment. At
this point, one critical question one need to ask is, using these optimal sever machines , can we meet the Service
level agreement (SLA)?. Since SLA is being decided by cloud e-market provider, for the purpose of this
I ”
experiment, we formulated our SLA as Zizo W, which is shown in Table 3.

Considering the SLA in this experimeﬁt, our result revealed that using 10 server machines will not only
meet the SLA but will further bring a reduction of 0.47 minutes (0.509 - 0.452) to consumer waiting time as
show in Fig. 5.

Table 1: Web Application In and out.

Queus Average Mumber In |Average Number out
DatabQ 2107.60 2107.60
Web Q1 7462.30 7462.30
Web Q2 73770 TRITTO0
Web.Appl 15000.00 15000.00

Fig. 2: Web Application Summary.

Table 2: Server machine and Average waiting time.

Server machine |Awve. Wwqgtotal

4 0.943

=] 0.653

8 0522
10 0. 452
12 0. 417
14 O.202
16 0.297
18 0.296
20 0.397

w 0
Tboos
t a7
[
n

0s

>me o=
s 3

04

t 03

01

®  service Level

Fig. 3: Waiting Time, SLA and Service level.

Table 3: Total Cost.

Server Awverage |Cost of| Operating | Total
Experiment [machine [|waiting waiting Cost Cost
(i) Q) Time (P) [Ewcx) [EoPx) [ETCx)
1|4 05943 472 1.4 6.12
26 0.653 327 1.6 4.87
3(8 0.522 2.61 1.8 4.41
4(10 0.452 226 2 4.26
5|12 0.417 2.09 2.2 4.29
6|14 0.402 2.01 2.4 4.41
7|16 0.397 1.9% 2.6 4.59
8[18 0.396 1.98 2.8 4.78
9(20 0.397 1.99 3 4.99
SLA 0.509

The overall analysis is in Table 4. In the Table, we observed that using 4 = sms= < 10 will reduce cost but
will be at the disadvantage of the consumers as indicated by the negative sign because the waiting time
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agreement has been breached (0.509). But if sms = 10 as ealier said, there is a gain of 0.47 and also the
provider has the minimum cost reduction. At this point, the cloud e-market provider has minimized cost at the
same time satisfied the consumers waiting time. Any further increase in the server machine will still reduce cost
but at a diminishing rate but further improve consumer waiting time.

—— Waiting Time in the System

7 - 0
£ Optimal Service Level
x g \
b \
e 5
c N
t ¢ 4
e o
d s 3
Total Cost
t
T 2
o
t 1
a
I o
o 5 10 15 20 25
Server Macine
Fig. 4: Optimal Service Level.
1
w 0s A
? b oog \\
: an 1 \ = Gainin comsumer
¢ 0§ . Vatng time
it ﬁ\
£ Lm . = S5LA benchmark
A s
k

~ Optimalservice Level

- 28 88 8 G

[ 5 10 15

Service Level

Fig. 5: Comparison of SLA with web application waiting time.

Table 4: Overall Analysis.

Consume
r Time
{Loss/Gai
Server n in|Consumer -
Machine |[mins.) SLa Cloud e-Provider
a 0434 Breach of SL.A |Cost Reduction
5 -0 144 Breach of SLA |Cost Reduction
8 -0.013 Breach of SL.A | Cost Reduction
Gain n Service
10 0057 Time Optimal Cost
Gain in Service
12 0092 Time Increase in Cost
Gain in Service
14 0.107 Time Increase in Cost
16 0.112 Mo effect Increase in Cost
18 0.113 INo effect Increase in Cost
20 0.112 INo effect Increase in Cost
Conclusion:

With the migration of consumers to the cloud e-marketplaces for good qaulity of service based on pay-per-
go, the cloud e-market providers are concerned mainly with two major issues. These are profit maximization
through cost minimization and consumer’s satisfaction. Balancing the trade off is what this paper has addressed.
This was done by first re-engineering a typical cloud market as feed back proceess in order to achieve dramatic
improvement in critical area of performance such as cost and accurate waiting time. Secondly, simulating this
model with data to achieve our optimal service level. We hope to buid our future work on the performance of
pre-emptive nested scheduling in a typical e-cloud marketplaces.
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