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Abstract- The cost of renting a medium level of cloud services from the Amazon Elastic Compute Cloud (EC2) web service is 
approximately $0.12/hr. Therefore, a resource-allocation strategy that efficiently allots cloud-server resources to clients 
involves increasing the resource use of each cloud server. This reduces the number of cloud servers rented by cloud-service 
providers, decreasing the rental costs of customers. Therefore, designing an efficient resource-allocation method is crucial. 
Resource-allocation problems are considered from one-dimensional or multi-dimensional perspectives. One-dimensional 
resource-allocation methods cannot compute the varying consumption levels of distinct resources such as the CPU, memory, 
and storage. Multi-dimensional resource-allocation methods have not addressed the consumption dependencies among various 
resources and allocating resources is considered an NP-hard problem. The proposed method improves the resource utilization 
of cloud servers up to 98% in multi-dimensional environment. The proposed method provides approximately 28.6% improved 
efficiency compared with that of the multi-attribute decision-based integrated resource-scheduling (MADIRS) method. 
 
Index Terms- Cloud computing, Resource allocation, High utilization. 
 
I. INTRODUCTION 
 
With the recent emergence of cloud computing, 
growing numbers of clients are using online cloud 
services through the Internet, and cloud computing has 
become gradually integrated into everyday life. Cloud 
computing has accelerated the speed of computing 
large-scale calculations, thereby effectuating instant 
responses to client requests. When numerous clients 
simultaneously request service, cloud service 
providers use various cloud servers that they rent from 
cloud data centers to perform parallel computing and 
satisfy client requests. However, the rental of cloud 
servers from cloud data centers to conduct numerous 
computing processes entails extremely high rental 
costs. This subjects service providers to sizable 
expenses. The resource utilization rate of cloud servers 
is a vital factor influencing the costs of cloud service 
providers. Cloud service providers hope that their 
every investment will yield the highest possible 
benefits, particularly for large investments. Poor 
resource utilization rates of cloud servers necessitate 
cloud service providers to rent increased cloud servers 
to satisfy client requests, thereby reducing service 
provider profits. In addition, the cloud service 
providers may perceive cloud data centers negatively. 
Thus, resource allocation is vital in cloud computing 
[1], [2].  
Resource allocation problems are classified into either 
one-dimensional (1D) or multi-dimensional models. 
Resource allocation problems must consider 
additional factors besides the utilization rate of a 
single resource (e.g., CPU resource allocation is 
considered a 1D model) [3]. Because the different 
resources provided by cloud servers mutually 
influence one another, planning optimal resource  

 
utilization must involve consideration of various cloud 
server resources (this is termed the multi-dimension 
model) [4]. 
 
Multi-dimensional resource-schedule planning is a 
non-deterministic polynomial-time hard (NP-hard) 
problem. Although numerous scholars have proposed 
multi-attribute decision-making methods (this method 
has been applied to various fields and multi-resource 
utilization topics), the utilization rates of 
multi-dimensional resources can be improved. 
Therefore, this study proposed a job scheduling 
method to approximate an optimal solution that could 
improve the multi-dimensional resource utilization of 
cloud servers by cloud data centers. Consequently, the 
required number of cloud servers could be reduced, 
thereby lowering the necessary rental costs borne by 
cloud service providers to maintain online cloud 
services. 
 
II. RELATED WORKS 
 
Yin et al. [5] maintained that dynamic 
resource-allocation job schedules and cost reduction 
are crucial in large data centers. Costs include wasted 
cloud server resources because of poorly allocated 
resources and wasted time because of excessively long 
resource-allocation processes. Yin et al. proposed a 
multi-dimensional resource allocation (MDRA) 
algorithm for conducting multi-dimensional cloud 
resource allocation. In MDRA, the multi-dimensional 
resource allocation problem is converted into a 
multi-constraint integer-programming problem. The 
MDRA algorithm is divided into two stages. At the 
first stage, MDRA separately calculates efficiency 
metrics for each job and virtual machine (VM), 
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thereby forming a sequence each for job and VM. 
MDRA then pairs the sorted job sequences to the VM 
sequences. At the second stage, MDRA is used to 
assess the results of the job-VM sequence pairing 
obtained during the first stage that was based on 
established constraint conditions. MDRA possesses 
low complexity and high overall resource-allocation 
speed. Although MDRA simplifies and sorts client 
requests and server resources in advance, the 
algorithm involves some resource waste during the 
sequence-pairing process. Furthermore, Yin et al. 
assumed numerous limitations in their experiment, 
leading to insufficient data samples.  
 
Sun et al. [6] added constraint conditions to NP-hard 
resource allocation problems and packaged the 
problems that required solutions into 
multi-dimensional combinatorial optimization 
problems that satisfy constraints. To obtain an optimal 
solution by using this algorithm, Sun et al. proposed 
multi-attribute decision-based integrated-resource 
scheduling (MADIRS; based on a multi-attribute 
decision-making algorithm) as the optimal solution to 
multi-dimensional resource allocation. MADIRS 
involves using the technique for order preference by 
similarity to ideal solution (TOPSIS) of multi-attribute 
decision making as a theoretical basis to sort client 
requests. This method is based on a finite number of 
evaluation targets and the degree of similarity to an 
ideal solution. This sorting process involves using 
ideal solution similarities and prioritizes solutions that 
most approximate the ideal solution. This is an 
extremely effective method in multi-criteria decision 
analysis. First, various client requests that require 
multiple resources are assessed and sorted. Next, the 
best and worst ideal solutions were calculated. Client 
requests that were assessed as the best were the most 
similar to the optimal solution. The MADIRS method 
is of medium complexity and is used for calculating 
and sorting the requests of all clients. However, during 
the target assessment process, item weights are 
typically selected by the researchers. This weighting 
method is not sufficiently objective, thereby resulting 
in reduced result reliability.  
 
Merkle et al. [7] proposed an algorithm for optimal 
resource allocation and job scheduling using a chaos 
ant colony algorithm (CACA), which allocates 
resources to jobs based on a quality-of-service job 
classification and the ant colony optimization (ACO) 
method. Their proposed algorithm also considers the 
allocation of various resources and employs ACO to 
determine the optimal resource for each job. The 
CACA effectively satisfies client requests and 
provides enhanced resource allocation balance. 
Numerous client requests are incorporated in the 
CACA. Several client requests emphasize stringent 
time limitations because clients may require high 
computing performance, short computing time, or low 
cloud-computing service fees. Therefore, different 

client requests are classified to derive the optimal 
number of sufficient available resources for jobs. If 
client requests for a specific job could be satisfied 
immediately, then resources are prioritized to satisfy 
the requests of that job. Otherwise, the ACO method is 
used to locate suitable resources in other cloud servers. 
Merkle et al. regarded client requests as ants in the 
ACO method, used the system to calculate the 
pheromone concentration of each server path, and 
determined the job-pairing probability according to 
the concentration level. The CACA prioritizes client 
requests based on job characteristics, which expedites 
the search for resources. However, the high 
complexity of ACO causes high CACA complexity.  
 
Song et al. [8] proposed a combinatorial auction-based 
cloud market (CACM) model, which was based on 
exploratory resource allocation. The CACM model is 
not complex but cannot rapidly determine a solution. 
This model requires selecting external conditions or 
the use of the trial and error method to obtain optimal 
results of resource pairing. The primary contribution 
of the CACM model is that it is used to design a 
resource-allocation weighting mechanism. The main 
purpose of this mechanism is to avoid overusing any 
single resource of the multi-dimensional resources. 
When allocating resources to jobs, the model is used to 
determine the remaining server resources after 
completing allocation. If the resource excess can cause 
the overuse of a single resource, then the system will 
reallocate the remaining resources to less demanding 
jobs. Consequently, selecting a threshold value is 
problematic because when the threshold setting is 
overly strict, excessive jobs are excluded, thereby 
reducing resource allocation efficiency. However, if 
the threshold setting is excessively lax, suboptimal 
overall resource utilization occurs after resource 
allocation. Therefore, the CACM model includes a 
dynamic mechanism for obtaining a suitable threshold 
value. The CACM-based system contains a weighting 
mechanism that avoids reducing the resource 
allocation speed or yielding suboptimal resource 
utilization rates. The CACM model provides a 
superior resource utilization rate (at nearly 90%) 
compared with that of the other methods. Although the 
dynamic threshold value possesses certain advantages, 
it increases resource allocation times and overall 
algorithm complexity. 

 
Table1. The comparison table of multi-dimensional 

resource allocation method 

 



International Journal of Advances In Computer Science and Cloud Computing, ISSN: 2321-4058  Volume-4, Issue- 1, May-2016 

A Novel Multi-Dimensional Resource Allocation Mechanism In Cloud 
 

20 

III. THE NIM-2 ALGORITHM(N2A) 
 
A. The concept of N2A algorithm based on jigsaw 
puzzle game 
One-dimensional resource allocation studies have only 
considered allocating 1D resource. However, 
multi-dimensional resource allocation requires 
considering the relationships between resources in 
various dimensions to allocate cloud server resources 
efficiently. Regarding multi-dimensional resource 
allocation problems, this paperproposes a novel jigsaw 
puzzle concept. This concept is used to consider the 
multi-dimensional requests of each client as one piece 
of a jigsaw puzzle. Different multi-dimensional 
resource requests correspond to puzzle pieces of 
various shapes. Each piece of the puzzle must employ 
a threshold (δ) value to evaluate the extent of the gap 
between the multi-dimensional resource requests. The 
δ value ranges between 0 and 1. A small δ value 
indicates a small gap between the multi-dimensional 
resource requirements, and vice versa. In this paper, 
when δ < , the client request is defined as Puzzle. 
When δ > , the client request is termed ~Puzzle. In a 
standard scenario of random resource allocation, the 
continual allocation of resources to ~Puzzle client 
requests by the cloud servers can easily cause an 
imbalance in the allocation of resources in various 
dimensions, as shown in Fig. 1(a). Imbalances in the 
resource allocation of different dimensions reduce the 
resource utilization rates of cloud servers. Therefore, 
this study designed the Nim-2 algorithm (N2A) to 
gather ~Puzzle client requests into one Puzzle 
client-request group, as shown in Fig. 1(b), to improve 
the resource utilization rate of cloud servers. Figure 
1(b) shows that r1(5,2,3), r2(2,3,6), and r3(3,5,1) client 
requests are all considered ~Puzzle. However, these 
three client requests can be gathered into the following 
Puzzle client-request group: Rg1(10,10,10) = r1(5,2,3) 
+ r2(2,3,6) + r3(3,5,1). Puzzle client-request group Rg1 
can rapidly and simultaneously allocate cloud server 
resources to the three clients and effectively improve 
the overall resource utilization of cloud servers 
because the gaps between various resource requests in 
Rg1 are extremely small. 
 

 
Figure 1(a). Allocation imbalances of various dimensional 

resources in cloud servers 

 
Figure 1(b). The client requests gathered into a Puzzle 

client-request group 
 

B. The concept of N2A algorithm based on jigsaw 
puzzle game 
Step 1. Classifying the maximum requests 
First, the system classified the maximum requests of 
all client requests. The maximum resource requests of 
each client were used as the basis for classification, as 
shown in Fig. 2. Assuming each client requires CPU, 
memory, and disk resources, the CPU requests of 
Client1 and Client2 were greater than their requests for 
the other resources. Therefore, the system placed these 
two clients into the CPU category. Client3 and Client5 
requested the most memory, and Client4 and Client6 
requested the maximum disk space. Therefore, these 
clients were placed into memory and disk categories, 
separately. After classifying the maximum requests, 
the system sorted each category, from the maximum to 
the smallest, and grouped the clients according to 
Puzzle client-request groups.  
 

 
Figure 2. The process of classifying maximum client requests 

 
Step 2. Forming the Puzzle client-request group 
In this step, a client was selected sequentially from 
each category to form Puzzle client-request groups. As 
shown in Fig. 3, Rg1 = r1 + r3 + r4, Rg2 = r2 + r5 + r6,…, 
Rgm = rn-2 + rn-1 + rn, and so on formed mPuzzle 
client-request groups of all clients.  
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Figure 3. Forming Puzzle client-request groups 

 
Step 3. Using resource uniform detection to select 
Puzzle client groups 
The purpose of resource uniform detection (RUD) is to 
detect the gaps between m-dimensional resource 
requests on the client end and the gaps between 
remaining resources of m dimensions in cloud servers. 
In other words, RUD is used to calculate δ values as 
mentioned in Section III.A 
 
The Euclidean distance (ED) [9] was used to calculate 
the vector coordinates and obtain the distance between 
two coordinate points in n dimensions. Assuming that 
two points exist in the n-dimensional space, x = [x1, x2, 
… , xn] and y = [x1, x2, … , xn], then the ED can be 
expressed as Equation (1).  

 
 
Based on the ED concept, this study designed a RUD 
method to calculate the client requests of n dimensions 
and the δ value of the remaining cloud server 
resources. If r1, r2, … , rn indicate the resource requests 
of n dimensions, RUD can be expressed as Equation 
(2).  
 

 
 
However, the δ value calculated using RUD does not 
have a fixed range, which renders comparisons 
difficult. Therefore, this study used the min-max 
normalization [10] to normalize RUD. This 
normalization method converts the δ value of RUD to 
between 0 and 1. Subsequently, the δ values that were 
calculated by using RUD could be compared.  

 
 
An element-table concept was designed in this study 
primarily to store two different types of client 
requests. Element tables were divided into single- and 
multiple-element tables. The ~Puzzle clients that did 
not satisfy >δ were allocated to the single-element 

table. The gaps in the multi-dimensional resource 
requests for these clients were large. Remaining cloud 
server resources in this situation can easily produce 
lowered resource utilization rates when fewer server 
resources remain. Client groups that did not satisfy the 
threshold value were decomposed into independent 
client requests. The Puzzle clients who satisfied <δ 
were allocated to the single-element table. The gaps in 
the multi-dimensional resource requests of these 
clients were small. These clients consumed cloud 
server resources equally, achieving an improved 
resource utilization rate. Because clients in the 
multiple-element table could perform rapid resource 
allocation during the allocation process, the 
scheduling time required by the system was reduced. 
This process is presented in Fig. 4. The experimental 
results in Section 4 indicated that the optimal δ value 
was 0.6, and the resource utilization rate and allocation 
speed were both optimal. Therefore, clients meeting 
the δ < 0.6 requirement were allocated to the 
multiple-element table and clients meeting the δ > 0.6 
requirement were allocated to the single-element 
table.  
 

 
Figure 4. Selecting client-request groups 

 
Step 4. Sub-classification  
In Step 1, classification of the maximum requests was 
based on the maximum resource requests of each 
client. However, this type of classification cannot 
provide improved resource allocation. Thus, 
sub-classifications were conducted on the categories 
formed after the maximum requests were classified. 
For example, regarding client request r1(8,3,2), the 
classification of the maximum requests for C1 was 
based on CPU = 8; thus, the maximum request was 
classified as CPUmax. Assume that CPU is the 
maximum request and the disk request is greater than 
the memory request, the client request is labeled as 
*(Cm) during sub-classification. This indicates that 
the client CPU requests are the largest and the client 
memory requests are the smallest. Conversely, when 
the CPU request is the maximum, and the disk request 
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is less than the memory request, then the client request 
is labeled as *(Cd). Figure 5 presents the definitions of 
six categories, *(Cd), *(Cm), *(Dc), *(Dm), *(Mc), 
and *(Md), which facilitates the job scheduling that 
optimizes resource utilization.  
 

 
Figure 5. Labeling client requests 

 
IV. SIMULATION RESULTS AND DISCUSSION 
 
The data presented in Figs. 6(a) and 6(b) were used 
primarily to test the relationship between various δ 
values and resource utilization rates. The proposed 
mechanism used 10,000 clients as one unit. Client 
requests were added continuously until 100,000 
requests were obtained. Figure 10(a) shows the 
resource utilization rates of different client requests 
that correspond to various δ values, which ranged 
between 0.1 and 0.9. The results indicated that the 
resource utilization rate increased from 80% to 98%. 
The relationship between δ values and the average 
resource utilization rates is shown in Fig. 6(b).When δ 
was 0.6, the situation was optimal. 
 

 
Figure 6(a). The relationship between δ values and resource 

utilization rates 
 

 
Figure 6(b). The relationship between δ values and average 

resource utilization rates 

Figure 7 shows that the resource utilization rate 
achieved by using the N2A was higher compared to 
the MADIRS methods. This indicates that the resource 
utilization rate effectuated by the N2A was optimal. 
Regarding the average resource utilization rate, that of 
MADIRS was approximately 70%, and that of the 
N2A was 98%.  
 

 
Figure 7. A comparison of average utilization rates 

 
CONCLUSION 
 
In this study, a novel cloud resource allocation 
mechanism offers all clients an effective number of 
running cloud servers, and allocates cloud resources 
rapidly and effectively by using a pre-pairing 
approach. The method proposed in this study improves 
the resource rate use of cloud servers up to 98%. The 
proposed method provides approximately 28.6% 
improved efficiency compared with that of the 
multi-attribute decision-based integrated 
resource-scheduling (MADIRS) method. In the future, 
we will consider the tasks deadline factors in resource 
allocation algorithm. 
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