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ABSTRACT 
 

In most grid systems with traditional scheduler, submitted jobs are 

placed in the wait queue if mandated resources are not available for them. 

Every grid system may use a different scheduling algorithm that executes jobs 

based on different parameters, such as number of resources, start time, 

duration of execution etc. With these scheduling algorithms, there is no 

guarantee about when these jobs will be executed. 

Advance Planning and Reservation in a Grid System allows 

applications to request resources from multiple scheduling systems at a 

specific time in future and thus gain simultaneous access to sufficient 

resources for their execution. This thesis proposes a novel advance planning 

and reservation strategy namely First Come First Serve Ejecting Based 

Dynamic Scheduling (FCFS-EDS) to increase resources utilization in a grid 

system. The proposed strategy can handle both type of jobs which are 

parametric and MPI job. To achieve this, the thesis introduces a new data 

structure and a new notion that maps a user job from a virtual compute nodes 

(called logical view) to actual compute nodes (called physical view) at the 

time of execution. An FCFS-EDS’s lemma ensures the success of such a 

mapping with increased resource utilization.   

This thesis also studies how to increase incentives or profits for the 

resource providers. Toward fulfilling this study, the thesis suggests 

implementation of revenue management (RM) techniques to increase the 

revenue of resource providers. 
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1 Introduction   

 

This chapter presents a high-level overview of the thesis and provides the motivation 

to propose a new advance reservation strategy and revenue-based resource 

management for Grid systems. This chapter also highlights contributions made and 

outlines the organization of this thesis. 

1.1 Grid Computing  

The Grid Computing discipline involves connections of a potentially unlimited 

number of ubiquitous computing devices within a network or grid and also involves 

the networking services. This new innovative approach to computing has similarities 

to a massively large power grid, such as what provides power to our business and 

homes daily. This innovative approach led to growing interest in coupling 

geographically distributed resources for solving compute intensive application and 

large-scale data intensive application. This approach is leading to what is popularly 

called peer-to-peer (P2P) computing networks [1] and the Grid [2]. The delivery of 

utility-based power has become second nature to many of us, worldwide. We know 

that by simply entering into a room and switching on the TV or any other electric 

devices, the power will be directed to the proper devices of our choice for that moment 

in time. In this same utility fashion, Grid computing openly seeks an infinite number 
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of computing devices into grid environment. Grid computing is able to add an infinite 

number of computing devices into any grid environment [3].  

Grid [4][5] computing platforms enable the sharing, selection, and aggregation 

of geographically distributed heterogeneous resources (computers and data sources) 

belonging to different administrative organizations (also called Virtual Organizations 

(VOs)) for solving large-scale problems in science, engineering, and commerce.  

1.1.1 Types of Grids  

Depending on the purpose and target application domain, Grids can be classified into 

several types [6]:  

 Computational grid. Computational grid provides distributed computing 

facilities for executing compute-intensive applications, such as Bag-of-Tasks 

(BoT) applications [7] where each application consists of independent tasks or 

jobs, and Monte Carlo simulations [8]. These applications scheduled on 

available resources by a project MyGrid [9], Nimrod-G [10], and SETI@home 

[11].  

 Utility grid. Utility grid provides one or more grid services to end-users as 

information technology (IT) utilities on a pay-to-access basis. Utility grid has a 

framework for the negotiation and establishment of contracts. The allocation of 

resources based on user demands. Utility Data Center [12], at the enterprise 

level and Gridbus [13] at the global level are the example of utility grid. 

 Data grid. Data grid provides the infrastructure to manage, transfer, and access 

large datasets stored in distributed repositories [14] [15]. In the area of 

astronomy [16], high energy physics [15], and climate simulation [17], there is 

a need for analysing large collections of data and sharing the results. These 

areas need requirements of scientific collaborations which are found in data 

grid. There are several projects involved in Data Grids, namely Avaki EII [18],  

Biogrid [19], Virtual Observatory [20], and LHCGrid [21]. 
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 Knowledge grid. Knowledge grid works on data processing, data management, 

and knowledge acquisition. Knowledge grid also provides business analytics 

services driven by integrated data mining services. There are several projects in 

this involved in field of knowledge grid, namely the EU Data Mining Grid [22] 

and KnowledgeGrid [23]. 

 Application service provisioning grid. Application service provisioning grid 

provides an access to remote applications, modules, and libraries hosted on 

data centres or Computational Grids, e.g. NetSolve [24]. 

 Interaction grid. Interaction grid provides services and platforms for users to 

interact with each other in a real-time environment, e.g. AccessGrid [25]. 

Interaction grid is suitable for multimedia applications and those that require 

fast networks, for example video conferencing,  

1.1.2 Advantages over Parallel and Distributed Computing  

The advantages gained from grid computing can translate into competitive advantages 

in the marketplace. For example, the potential exists for grids to [26] [27]: 

 Exploits underutilized resource. There are large amounts of underutilized 

computing resources in most organization. Most desktop machines are busy 

less than 5 percent of the time over a business day. Even in some organizations, 

the server machines can often be relatively idle. Grid computing provides a 

framework for exploiting these underutilized resources which in turn 

significantly increasing the efficiency of resource usage. 

 Enables sharing of resources. Grid computing provides a framework to enable 

an organization to share their underutilized resources, which in turn increase 

their resources utilization factor. 

 Transparent access to remote resources.  
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 Parallel CPU capacity. A compute-intensive grid application can be divided 

into a lot of smaller sub jobs. Each sub job can be executed on a different 

machine in the grid. To the extent that these sub jobs do not need to 

communicate with each other, the more scalable the application becomes. 

 On demand aggregation of resources at multiple sites. A compute-intensive 

grid application which needs a lot of resources can aggregate the resources 

from multiple sites in the grid environment. 

 Virtual resources and virtual organizations for collaboration. Grid computing 

provides an environment for collaboration among a wider audience. This can 

be done by offering important standards that enable heterogeneous systems to 

work together to form the image of a large virtual computing system. The 

resource providers and users of the grid can be members of several real and 

virtual organizations. A virtual organization (VO) is defined as a dynamic 

group of organizations, groups and/or individuals, who define the conditions, 

business objectives, and policies for sharing resources in the grid system. 

 Reduced execution time of large-scale data processing applications. A data grid 

can expand data capabilities. Files or databases can span many systems and 

thus have larger capacities than on any single system. Such spanning can 

improve data transfer rates through the use of striping techniques which in turn 

reduce the execution time of large-scale data processing applications.  

 Access to additional resources. The grid system can enable user to access 

additional resources such as, software and special devices. By accessing 

software with an expensive license, the grid is more exploiting software 

licence.    

 Resource balancing. For a compute-intensive grid application, the grid can 

offer a resource balancing effect by executing jobs on a low utilization 

machines. The grid helps in taking advantage of time zone and random 
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diversity: grid users who are in peak-time hours can access resources that are in 

off-peak time where the load is likely less. 

 Reliability. The grid system composed from aggregated resources form 

geographically different locations. With this condition, if there is a power or 

other kind of failure at one location, the other parts of the grid are not likely to 

be affected. When a failure is detected, grid system can automatically resubmit 

jobs to other machines on the grid.  

 The grid user sometime has an unforeseen emergency demands. In this case the 

grid users do not have to owning the resources but they can rent external 

resources on the grid. 

1.1.3 Grid Applications (Areas of Grid Computing Environment)  

Some applications of grid computing, particularly in the scientific and engineering 

arenas, include, but are not limited to, the following [4]: 

 Distributed supercomputing/computational science  

 High-capacity/throughput computing: large-scale simulation/chip design and 

parameter studies  

 Content sharing, for example, sharing digital content among peers (e.g., 

Napster)  

 Remote software access/renting services: ASPs and web services  

 Data-intensive computing: drug design, particle physics, stock prediction  

 On-demand, real-time computing: medical instrumentation and mission-critical 

initiatives  

 Collaborative computing (e-science, e-engineering): collaborative design, data 

exploration, education, e-learning  
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 Utility computing/service-oriented computing: new computing paradigm, new 

applications, new industries, and new business 

1.1.4 Resource Management in Grid Computing Environment  

The main components of a grid infrastructure are security, resource management, 

information services, and data management [28]. The term resource management in 

grid computing can be defined as operations that control the way that grid capabilities 

are made available for other entities like users, applications and services [29]. The goal 

of resource management is to ensure efficient utilization of computer resources and for 

optimization performance of specific tasks [30].  

 In global grid environment, users interact with a grid resource broker (GRB) 

that hides the complexity of resource management and scheduling. For the operation 

of a computational grid, the grid resource broker discovers properties of resources that 

the user can access using Grid Information Services (GIS), negotiates with  (grid-

enabled) resources or their agents using middleware services, maps tasks to resources  

(scheduling), stages the application and data for processing (deployment) and finally 

gathers results [31].  

 There are three types of resource management architecture approach which are 

centralized, decentralized, and hierarchical. Hierarchical and decentralized approaches 

are suitable for grid resource and operational management, because it is impossible to 

define an acceptable system-wide performance matrix and common fabric 

management policy [32].   

 To handle the wide variances in the software applications and hardware used in 

grid environments over different forms of grid networks, a software known as 

middleware is used. One of the most important components of the middleware is the 

resource manager which handles resource selection and job scheduling [33] [34]. 

 There are two types of resource management which are global resource 

management and local resource management.  Local resource management deals with 
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scheduling and managing resource at a particular site or resource provider. Like local 

resource manager, global resource manager does not own the resources at a site and 

therefore does not have control over them. The global resource manager must make 

best-effort decisions and then submit the job to the selected resources [35].   

 Grid resource management has a several different layers of schedulers. At the 

highest level are global resource management that may have a more general view of 

the resources but are very far away from the resources where finally the application 

will be executed. At the lowest level is a local resource management system that 

manages a specific resource or set of resources. Other layers may exist in between 

these resource managements, for example one to handle a set of resources specific to a 

project [36].  

 In local resource management, resources are accessed, assigned, and allocated 

according to Quality of Service (QoS) criteria, such as advance reservation, deadline 

and cost. 

 Therefore, we need to address the following questions, to use Grid resources: 

1. How to know where the resources are? 

2. How to identify resources? 

3. How to get permission to use them? 

4. How to know what are the applications available in these resources? 

5. How to use the resources? 

6. How to reserve resources for remote jobs? 

7. How to get access to resources to all the machines simultaneously? 

8. What happens if a resource fails? 

9. How input/output files are managed? 

10. What is a Revenue model for resource utilization? 

 To address questions like (6) and (10) requires an efficient planning, 

reservation and revenue management system which is dealt in the next section. 
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1.2 Motivation: Planning, Reservation and Revenue models  

In most grid systems with traditional scheduler, submitted jobs are placed in the wait 

queue if mandated resources are not available for them [37]. Every grid system may 

use a different scheduling algorithm, for example First Come First Serve (FCFS), 

Shortest Job First (SJF), Earliest Deadline First (EDF), or EASY Backfilling [38] that 

executes jobs based on different parameters, such as number of resources, submission 

time, and duration of execution. With these scheduling algorithms, there is no 

guarantee about when these jobs will be executed [39]. 

To address the unwarranted waiting time issue and ensure that the specified 

resources are available for applications at a particular time in the future, we need an 

advance planning and reservation system [40]. Advance reservations [41] allow a user 

to request resources from multiple scheduling systems at a specific time in the future 

and thus gain simultaneous access to enough resources for their applications. 

Buyya et al. [42] have introduced a Grid economy concept. This concept 

provides a mechanism for regulating supply and demand, and calculates pricing 

policies based on these criteria. Grid economy concept offers an incentive for resource 

owners to join the Grid, and encourages users to utilize resources optimally and 

effectively. A simple pricing model, used to determine the usage cost of each 

reservation (incentive for resource owner), has been provided by [43] [44] [45]. In 

simple pricing model, grid system only has one price for all customers. In this case, 

some compute nodes may become idle because of no reservation for them. The idea of 

revenue management is giving those idle compute nodes to the early reservations with 

a discount price. To increase incentives or profits, resources provider might need to 

adopt a more complex pricing model. In order to address this problem in this thesis we 

incorporate revenue management (RM) techniques to increase the revenue of resource 

provider. 

 



9 

 

1.3 Contributions  

This thesis presents the following contributions made in advance planning, reservation 

and revenue-based resource management for Grid systems: 

1. This thesis has attempted to broadly categorize these advance reservation 

strategies reported in the literature as: Rigid reservation, Elastic Advance 

Reservation, Overlapping/Relax Advance Reservation, Flexible Advance 

Reservation (Static), Flexible Advance Reservation (Dynamic, Physical View).  

2. This thesis has proposed a novel advance planning and reservation strategy 

namely First Come First Serve Ejecting Based Dynamic Scheduling (FCFS-

EDS), which falls into Flexible Advance Reservation (Dynamic, Logical 

View), to increase resources utilization in a grid system. In the earlier 

scheduling like Flexible Advance Reservation (Dynamic, Physical View), 

necessary physical resources were reserved for the job and user was notified 

accordingly. If the physical resources were re-assigned a fresh notification had 

to be sent. In FCFS-EDS, it schedules the job at a logical level and if accepted 

the user is notified only once. Finally this thesis proposed a definition for 

flexible advance reservation: A new perception. 

3. This thesis has compared the parameters of the proposed scheduling strategy 

FCFS-EDS with advance reservation scheduling strategies that have been used 

by other researchers. 

4. This thesis has proposed an FCFS-EDS’s lemma to ensure “If there is a plan 

for scheduling a job on the consecutive time slot on virtual compute nodes 

(which are selected freely) (Logical View) then it guarantees that the job will 

be executed on a dedicated physical node for the required execution time 

(Physical View)”. 

5. This thesis has proposed a data structure, which falls into time slotted data 

structure to efficiently administer the proposed scheduling strategy. 
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6. To demonstrate the efficacy of the proposed FCFS-EDS strategy and the data 

structure, a novel simulator has been designed and implemented. This 

simulator has a potential to accommodate reservation for both Parametric as 

well as MPI job types. 

7. This thesis has also proposed architecture of our work as a complete system. It 

shows the interaction between different components in the model to perform 

the proposed advance reservation scheduling strategy (FCFS-EDS) by 

incorporating revenue management in order to increase revenue/throughput. 

1.4 Organization of the Thesis 

The rest of this thesis is organized as follows. Chapter 2 presents the literature review 

regarding advance reservation including its data structure. This chapter also presents 

literature review regarding revenue management in grid system.  

Chapter 3 proposes advance planning and reservation strategy. This chapter 

introduces a definition for flexible advance reservation. The proposed advance 

planning and reservation strategy called First Come First Serve Ejecting base Dynamic 

Scheduling (FCFS-EDS) is done in logical view. This chapter introduces a new lemma 

(FCFS-EDS’s Lemma) to ensure that a plan in logical view can always be mapped into 

physical view for execution.  

Chapter 4 proposes the data structure for the proposed advance planning and 

reservation strategy. Chapter 5, presents the revenue management model that is 

incorporated in our scheduling strategy to increase revenue. Chapter 6 presents the 

architecture of our work as a complete system and the experimental result of our 

proposed advance planning and reservation scheme. We also present the results after 

incorporating revenue management system in it. Chapter 7 presents conclusions and 

provides directions for future work. 
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2 Literature Review  

 

Advance reservation is the process of requesting resources for use at specific times in 

the future [41]. Common resources that can be reserved or requested are compute 

nodes, network bandwidth, storage elements or a combination of any of those. This 

chapter describes recent works to give an insight into the latest research advancements 

related to advance reservation in Grid Systems. The objective of Revenue 

Management System is to maximize the revenue by providing the right price for every 

product to different customer, and periodically updates the prices in response to 

market demand [46]. This chapter also describes recent works related to revenue 

management system in the Grid.   

2.1 Advance Reservation System 

In most grid systems with traditional scheduler, submitted jobs are placed in the wait 

queue if mandated resources are not available for them. Every grid system may use a 

different scheduling algorithm, for example First Come First Serve (FCFS), Shortest 

Job First (SJF), Earliest Deadline First (EDF), or EASY Backfilling [38] that executes 

jobs based on different parameters, such as number of resources, submission time, and 

duration of execution. With these scheduling algorithms, there is no guarantee about 

when these jobs will be executed [39]. 

To address the unwarranted waiting time issue and ensure that the specified 



12 

 

resources are available for applications at a particular time in the future, we need an 

advance planning and reservation system [40]. Advance reservations [41] allow a user 

to request resources from multiple scheduling systems at a specific time in the future 

and thus gain simultaneous access to enough resources for their applications. 

Many earlier literatures discuss about advance reservation strategy to increase 

resource utilization. We have attempted to broadly categorize these advance 

reservation strategies reported in the literature as: 

1. Rigid Reservation  

2. Elastic Advance Reservation  

3. Overlapping/Relax Advance Reservation 

4. Flexible Advance Reservation (Static) 

5. Flexible Advance Reservation (Dynamic, Physical View). 

2.1.1 Rigid Reservation 

When users request for compute nodes to execute their jobs, they must provide three 

parameters, start time, execution time and number of compute nodes [40]. The 

reservation system then searches for the availability of requested compute nodes in the 

specified time interval. If required nodes are unavailable, the request is rejected. This 

mechanism is known as rigid reservation and has been adopted into the Globus 

Architecture for Reservation and Allocation (GARA) [47] [48].  

 As a consequences of this mechanism (rigid reservation), if a request from a 

user is rejected due to the unavailability of compute nodes at the specific time as 

requested by a user, he or she may resubmit a new request with a modified parameter, 

such as different start time and/or execution time until available resources can be 

found. If this happens frequently, the scheduler works harder dealing with the same 

user request because his/her previous request was rejected. Ultimately, when the 

compute nodes are found, may be it is not a good one since it looks on the first 

available compute node. It will cause fragmentation, which is idle compute nodes 

between jobs; hence the utilization of the compute nodes goes down.   
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2.1.2 Elastic Advance Reservation 

With rigid reservations, there is a shortcoming. If the users still want to reserve 

compute nodes then they must change the job parameters and again query for 

reservation until there is a match between the availability of compute nodes and the 

user’s request. This mechanism brings an overhead due to communication traffic. 

Elastic reservation proposed by Sulistio et al. [43] takes the user request parameters as 

soft constrain. The reservation system instead of rejecting the request provides 

alternatives that can be selected by the user. This approach gives flexibility to users to 

select the best option or self-select in reserving their jobs according to their Quality of 

Service (QoS) needs, such as deadline.  

 In elastic reservation, to increase the probability of getting accepted, the user 

can query in interval time slots. This query operation has three parameters which 

are  𝑖 ,  𝑖 , 𝑑   , and 𝑛 𝑚   , where   𝑖  is the earliest start time interval,  𝑖  is the 

latest end time interval, 𝑑   is the reservation duration time, and 𝑛 𝑚   is compute 

node needed respectively.  They have given the “ ” sign indicates that this attribute is 

optional.  They assume that   𝑖    𝑖     𝑑  . 

 When receiving such query, elastic reservation will try to find available 

compute nodes at  𝑖 , if there are no available compute nodes at time slot  𝑖 , then 

elastic reservation will give the alternatives that are available within the time interval 

given by user. Users can select their best option according to their Quality of Service 

(QoS) needs, such as deadline. Once a user selects one option of the given alternatives, 

then a user sends again his/her query. But, this time a user sends the query like the way 

in the rigid reservation, because there is a guarantee that computes node will be 

available for him/her. 

 Sulistio et al. [43] in finding the alternatives of available compute nodes to the 

users, they have compared between rigid reservation (RR), First Fit (FF) algorithm and 

their on-line strip packing (OSP) algorithm. Results show that their on-line strip 

packing (OSP) method performs better than first fit alternative (FF) and FF performs 

better than rigid reservation (RR). This strategy has been adopted in GridSim [49]. 
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2.1.3 Overlapping/Relax Advance Reservation 

Smith et al. [41] has introduced the impact of advance reservation in the scheduling 

system. They concluded that by adding advance reservation in the scheduler will 

increase the mean waiting time of query in the queue (non-reservation query) by 9% 

with backfilling [38].  This is done by selecting 10% of query as reservation query and 

90% is non-reservation query, across different workload model. If the reservation 

query is increased to 20%, then the mean waiting time of the non-reservation query 

will increase by 37%. They also found by applying advance reservation in scheduling 

system will decrease the resource utilization between 54 and 59%. This is because of 

fragmentations or idle time gaps caused by advance reservation.  

 To overcome the problem of decreasing resource utilization caused by advance 

reservation Peng Xiao et al. [50] used the overlapped time slot table, because they 

believed that applications tend to overestimate the reservation deadline to ensure their 

completion [51] [52]. In this strategy, user jobs are scheduled even if there are 

reservation violations in the deadlines because of overlapping of jobs. They assumed 

that the real workload tends to overestimate the relative deadline with mean value by 

35%. They have two parameter to minimize the probability of reservation violation, 

first 𝑝 , the higher value of 𝑝  indicates that RM (Resource manager) is conservative; 

a lower 𝑝  shows that it is willing to take more risks to improve utilization of its 

resources. For example 𝑝     , it means that RM will accept the reservation if the 

probability of reservation violation is less than 20%. Second is   , is the threshold, by 

which RM decides whether a free time slot can be allocated to an overlapped 

reservation or not. So,    is a strategic parameter of RM, a higher value of    indicates 

that RM is conservative. 

 The increasing of reservation violation is the price they have to pay while using 

relaxed strategy, experimental results indicate that they can limit the violation rate in a 

relative low level by adjusting parameter   .  
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 Experimental results show that this strategy can bring about remarkably higher 

resource utilization and lower rejection rate at the price of slight increase in 

reservation violation. 

 Chunming et al. [53] introduced resource capacity, i.e., a special kind of 

abstraction of grid resources. Each resource has its own capacity, for example, 

computing resource has two capacities, the power of CPU and the amount of a 

memory. There are two type of capacity. First, the capacity that will not be decreased 

when more user share the same capacity, e.g. information carried by some data. 

Second, the capacity that will be decreased when more user share the same capacity, 

e.g. memory. If total memory of a resource is       , and a request is granted 

for        then the total amount capacity available or free is decreased 

to        from       , and so on. The available computing power of a CPU can be 

identified by the percentage of unallocated computing capacity or by metrics such 

as MFlops or Tflops. 

 Peng Xiao et al. [54] added capacity issue in their relaxed model. They can 

limit the price of reservation violation as an impact of the relaxed reservation by 

adjusting parameter   . 

 Sabitha et al. [55] also believe that estimating duration of execution time is 

very difficult if not impossible. As a result, applications tend to overestimate the 

duration of execution time to ensure their successful execution [33]. This behavior 

results in a high request rejection rate and a low resource utilization rate.  

 If any new request is coming for reservation, the rigid and elastic reservation 

will reject the request if there is no available compute node in the requested time-slot. 

But in relaxed resource advance reservation policy (RARP), overlapping of resources 

will take place and it will utilize even the small slots in between the resources [55].  A 

relaxed resource advance reservation policy (RARP) allows reservations to overlap 

each other under certain condition. They did not consider the reservation violation. 

They assume that the reservation violation will not occur because of the over 

estimating of the duration of execution time by including trust factor in their system. 
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They had a result from the experiment that by implementing relaxed resource advance 

policy (RARP), resource utilization is increased. 

2.1.4 Flexible Advance Reservation (Static) 

In flexible advance reservation, user jobs are scheduled within given flexible 

constraints. Start time is not fixed and could be varied in a time interval. Moaddeli et 

al. [44] has examined the impact of backfilling algorithm in a flexible advance 

reservation. Backfilling is proposed to improve the system utilization [56] [57]. The 

idea is to identify the idle compute nodes, i.e. times in which no jobs are assigned to 

one or more compute nodes. Sometimes, the job in the head of the waiting queue is 

bigger than the idle compute nodes, so it has to wait until there are idle compute nodes 

that fit this job. While waiting, backfilling allows the jobs in the waiting queue that is 

smaller than the job in the head of the waiting queue that fit in the idle compute nodes 

to move forward and executed on those idle compute nodes.  

 Backfilling policy including two major types, conservative and aggressive, is 

developed to enhance low utilization value of using FCFS as a whole scheduling 

policy, without losing fairness characteristic [38]. In aggressive or EASY (Extensible  

Argonne  Scheduling System)  backfilling, any job in the wait queue is permitted to be 

executed in those idle compute nodes as long as they are not delaying the  waiting  job  

at  the  head  of  the  queue. It means that only the job at the head of the waiting queue 

has a reservation.  On the other hand, in conservative backfilling, jobs are executed out 

of First Come First Serve (FCFS) order with the constraint of not delaying any waiting 

jobs. It means that all jobs in the waiting queue have a reservation but with a constraint 

that they can be moved forward to be executed before their reservation time. In their 

examination [44] they found that the more flexible the advance reservation the better 

resource utilization and the better response time of advance reservation. If the 

accuracy of duration of jobs is increased by twofold, then it decreases the resource 

utilization. Aggressive backfilling has better resource utilization than conservative 

backfilling. 
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 Sulistio et al. [39] have done simulations of advance reservations in grid 

environments. Their results  show that advance  reservations interfere  with  on-

demand  requests  by  increasing  their  mean waiting  time  and  by  decreasing  their  

resource  utilization. This happens because advance reservations steal on-demand 

resources. To increase resource utilization and to minimize the rejection rate, Kaushik 

et al. [58] proposed a flexible reservation window scheme. Window size is the 

difference between the earliest start time of the user request and latest possible start 

time of the request. A window of size zero specifies a constrained request which can 

be satisfied only at the start time. By conducting extensive simulations, they conclude 

that, when the size of the reservation window is equal to the average waiting time in 

the on-demand queue, the reservation rejection rate can be minimized close to zero and 

increase resource utilization. 

 Real-time scheduling algorithms can be classified into online and offline 

algorithms based on whether they know or not about jobs that they have to schedule. 

In online scheduling algorithms, the scheduler does not know how many jobs should 

be scheduled and the scheduler does not know either regarding their constrains such as 

deadlines and computation times. Online scheduling algorithms make their scheduling 

decisions at runtime. In offline scheduling, on the other hand, the scheduler knows 

about how many jobs (and its constrains) will be scheduled. Scheduling decisions are 

based on fixed parameters assigned to jobs before their activation.  

 Castillo et al. [59] has proposed an online scheduling algorithm to increase 

system utilization using a concept from computational geometry. The computational 

geometry [60] is used to represent the time intervals corresponding to idle periods of 

each compute nodes i.e. the idle times between reserved for jobs whose requests were 

submitted earlier. Here deadline is equal or larger than the execution time. If the 

deadline is the same as the length of the job, it is called as immediate deadline, and if 

the deadline is longer than the execution time, it is known as general job deadline. Job 

scheduled in an idle period will create at most two new idle periods: one between the 

start of the original idle period and the start of the job (it is called the leading idle 

period), and one between the end of the job and the end of the original idle period (it is 
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called the trailing idle period). To schedule the general job deadline, they use the 

following strategies: Min-LIP, which minimizes the leading idle period;  Min-TIP, 

which minimizes the trailing idle period; First-fit, which returns the first (i.e., earliest) 

feasible idle period, regardless of the sizes of the leading and trailing idle periods; 

LACT (latest available completion time), where the scheduler assigns an arriving job 

to the server with the latest completion time that is earlier than the ready time of the 

new job. LACT does not consider the idle periods created at each server between the 

times reserved for jobs whose requests were submitted earlier. The result shows that 

Min-LIP gives the best system utilization compared to other strategies. 

2.1.5 Flexible Advance Reservation (Dynamic, Physical View) 

This strategy takes an advantage of shifting even earlier reservations made (subject to 

given flexible constraints) to make room for new incoming reservation. Chunming et 

al. [53] introduced time span when there is a time span/range for the starting time of 

the job. This time span is called slack-time. They proposed a novel mechanism called 

FIRST (FlexIble Reservation using Slack Time). The advantage of slack-time is that 

the starting time of the job can be shifted to improve resource utilization and to reduce 

rejection rate.  If new reservation comes the reservation system reschedules all 

unexecuted reservation one by one, according to the FIFO rule (First In First Out), min 

slack, min-min, min-max, and suffrage policy to see whether there is a solution or not. 

If there is no solution then the new reservation request will be rejected. 

FIFO is the simplest selection strategy, where the request with the earliest will 

be selected to be scheduled. There is no other property considered. Min Slack is the 

strategy to select the next request to be scheduled which has the minimum slack time. 

Min-min based is the strategy that tries to find out the next request to be scheduled 

using the min-min algorithm [61], i.e. only the request with the minimum earliest 

finished time is selected to be scheduled. Min-max based is the strategy that tries to 

find out the next request to be scheduled using the min-max algorithm [61], i.e. only 

the request with the minimum latest finished time will be selected to be scheduled. The 

basic idea of Suffrage based strategy is to find out the next request to be scheduled 
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using the suffrage algorithm [62].  First, select an arbitrary request  𝑎 and  𝑎 is 

scheduled with the best allocation solution and record the earliest finished time as  𝑎.  

Then try to schedule another request  𝑏, and try to find out the best solution for  𝑎 

again based on it and calculate the earliest finished time as  𝑏𝑎 (Generally  𝑏𝑎   𝑎). 

Define the suffrage value of this request by 𝑆 𝑓𝑓 𝑎𝑔𝑒   𝑏𝑎   𝑎. Only the request 

with the maximum suffrage value will be selected as the next request to be scheduled. 

They have implemented those algorithms through a simulation. Simulation 

results show that the better resource utilisation can be achieved by using slack time. 

Simulation results also show that min-min based request selection strategy has the best 

performance compare with other strategies such as the min-max, min slack time, FIFO 

and suffrage based strategy. 

In FIRST as mentioned before, every time a new task comes, it reschedules the 

entire task. According to Netto et al. [63] rescheduling the task will have a better 

system utilization if the user can wait until 75% of waiting time has been passed, 

compared to 50% and 25%.  They observe that the longer a user waits to fix their jobs 

the better the system utilization. In order to reschedule the task if the task t comes, 

firstly they separate tasks currently allocated into two queues: running queue and 

waiting queue. The first queue contains jobs already in execution and cannot be 

rescheduled. The second queue contains jobs that can be rescheduled. They try to 

reschedule the jobs in the waiting queue by sorting them first and then attempting to 

create a new schedule. They use five different sorting techniques: Shuffle, First in First 

out (FIFO), Biggest Job First (BJF), Least Flexible First (LFF) [64], and Earliest 

Deadline First (EDF). From the simulation they concluded that EDF technique has the 

best result in increasing resource utilization. 

Behnam et al. [65] have introduced scheduling algorithm for advance 

reservation called GELSAR (Gravitational Emulation Local Search Advance 

Reservation) in grid system where the reservations can have a deadline (𝑑𝑗) which can 

be equal or larger than a ready time ( 𝑗) + length of the reservation (𝑙𝑗). GELSAR is a 

scheduling advance reservation using GELS method [66]. GELS takes the idea from 
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the natural principles of gravitational attraction. Gravity works in nature to cause 

object to be pulled toward each other. The more massive the object the more 

gravitational force it gets. The closer the object the more gravitational force it gets. 

Imagine that the search space is the universe and objects in this universe are the 

possible solutions. Each of these solutions has a mass represented by its objective 

function value. The higher the objective solution value the higher its mass. Every time 

the new reservation comes the GELSAR reschedule all reservation to find the best 

solution. If there is no solution the new incoming reservation is rejected. They 

compared their algorithm with other rescheduling algorithm (Genetic Algorithm, GA) 

and they found the result that their algorithm outperformed GA algorithm. 

2.2 Data Structure 

In administering advance reservations (admission control of advance reservations) in a 

Grid system, an efficient data structure is playing the important role in order to 

minimize the time for searching available compute nodes, adding and deleting a 

reservations. A user who requests an advance reservation will get a fast response time, 

in order to give a result whether his/her advance reservation request is accepted or not. 

There are several data structures for administering advance reservation which 

generally get categorized into two types i.e. time slotted data structure and continuous 

data structure. In time slotted data structure each request is stored in a certain number 

of consecutive fixed time intervals, also called time slots, where in continuous data 

structure each request defines its own time scale i.e. each advance reservation can start 

and finish at arbitrary times. Example of continuous data structure is Linked List and 

examples of time slotted data structure are segment tree and calendar queue data 

structure. Time slotted data structure approach has the advantage of restricting the 

amount of data that must be stored, i.e., the memory consumption is bounded and, 

furthermore, it can be easily implemented [67]. The majority of current 

implementations in the field of advance reservations support time slotted data structure 

[47] [68] [69] [70] [71] [72] [73]. 
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2.2.1 Segment Tree Data Structure 

A tree-based data structure is commonly used for admission control in network 

bandwidth reservation [71] [74] [75]. Each tree node contains a time interval and the 

amount of reserved bandwidth in its subtree. Therefore, a leaf node has the smallest 

time interval compared to its ancestor nodes. Hence, the amount of bandwidth required 

for a single reservation is stored into one or more nodes. In general, a tree-based 

structure has a time complexity of   𝑙𝑜𝑔 𝑛  for searching the available bandwidth, 

where n is the number of tree nodes.  

Brodnik et al. [71] have proposed Segment tree data structure for a network 

bandwidth reservation called Advanced Segment Tree (AST). AST is a modified 

segment tree [76]. Every node in the segment tree consists of the interval it 

represents       [𝑆    ] , pointers to each of the node’s children, and two values 

i.e. 𝑛  and 𝑚 .  𝑛   stores the amount of bandwidth that was reserved exactly the 

whole interval   . 𝑚   stores the maximum value of reserved bandwidth excluding 

the value 𝑛   on interval   .  

The interval to which the root corresponds is  .   denotes the number of levels 

that the data structure consists of. All nodes on level 𝑙 have time intervals of the same 

size and they do not intersect. They follow consecutively one another. This means that 

the union of all intervals on level 𝑙 is  .   denotes the current node,    denotes the 

left most child of  , and    denotes the right most child. Let us see the example of 

bandwidth utility graph in Figure 2.1.  
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Figure 2.1: Example of Bandwidth Utility Graph 

From Figure 2.1 we can see that in time slot number one reserved bandwidth is 

80, time slot number two reserved bandwidth is 60, time slot number three bandwidth 

reserved is 40 and so on. Bandwidth capacity of Figure 2.1 is 100. Advance Segment 

Tree data structure for Figure 2.1 is shown in Figure 2.2. 

 

Figure 2.2: Example of Advance Segment Tree data structure 

 From Figure 2.2 we can see the value of 𝑚  and 𝑛 . The value of 𝑚  is 

determined from root node down to leaf nodes. Then the value of 𝑛  is determined 

form leaf node to root node. The value of 𝑛  for every leaf node is zero. Then the 

value of 𝑛  on the parent of leaf node (example node  ) is maximum value 𝑚    𝑛  
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between the children of node   (in this case leaf node). If a new reservation comes 

with bandwidth needed is 20 then the data structure of Advance Segment Tree can bee 

seen in Figure 2.3.  

From Figure 2.3 we can see that a new reservation comes and needs a 

bandwidth    (     ) and has an interval   . We then start form the root node 

(Node  ), since this reservation doesn’t reserve all bandwidth range (time interval   ) 

denotes by root node (       ) then we move down to its left child node. This left 

child node (node  , grey colour) has an 𝑛  𝑚     . Free bandwidth in this node 

is    –                . So we can allocate this new reservation in   node, 

because first; the new reservation can occupy whole interval             , and 

second;   node has free bandwidth more or equal to what the new reservation needed 

(       ). Update 𝑚  of node   become 𝑚      . 

 

Figure 2.3: Scheduling a new reservation on advance segment tree data structure 

The interval of new reservation is longer than an interval of   node, so the rest 

of the reservation that is not allocated yet (  ) is fall into the next node, Node  . 

Repeat the steps as if      –   , and       on node   instead of node   

until     . We then have to update 𝑛  the data structure by updating all 𝑛  of 
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parent grey nodes up to the root node. The result is shown in Figure 2.3 where the 

italic font indicates the change of the value of the data structure.    

2.2.2 Calendar Queue Data Structure 

Brown et al. [72] have proposed Calendar Queue (CalendarQ), as a priority queue for 

future event set problems in discrete event simulation. It is modeled after a desk 

calendar, where each day or page contains sorted events to be scheduled on that period 

of time. A person schedules an event on a desk calendar by simply writing a future 

event on the appropriate page, one page for each day. There may be several future 

events scheduled on a particular day, or there may be no future event scheduled on a 

particular day. Priority of the scheduled event is the time at which an event is 

scheduled. The enqueue operation corresponds to scheduling an event. The earliest 

event on the calendar is dequeued by scanning the page for today’s date and removing 

the earliest event written on that page.  

Events can be scheduled for up to one year from the present date by making the 

calendar circular (circular array in data structure).  If today is May 7, then we can 

schedule an event for January 3 of next year by simply flipping back to January 3 on 

the present calendar and writing the event on that page. If events are erased from the 

calendar as they are dequeued, it will be clear that the event on January 3 is scheduled 

for next year. When dequeueing the last event from December 31 of this year, we 

moves back to January 1 and begins dequeueing events scheduled for next year. We 

can use the same calendar many times. Notice that there is no need to move pointers or 

perform any other maintenance on the data structure as we moves from one year to the 

next year. 

If we write the date beside each event, then events can be scheduled more than 

a year in advance. Suppose today date is May 7, 2013. If today’s calendar page 

contains the entry “Register for IEEE conferences in Mumbai-June 7, 2014,” it is clear 

that this event was scheduled more than a year in advance and that it should not be 

dequeued until next year. We have to check the date beside each event before 

dequeueing an event from today’s calendar page, to assure that it is scheduled for this 
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year. If it is scheduled for this year, we can dequeue that event and erase it; if not, the 

event is ignored and left for next year or some year in the future. 

 

Figure 2.4: Ten day calendar Queue 

Data structure to implement this CalendarQ can be represented by a sorted 

linked list of the event scheduled of that day. An array containing one pointer for each 

day of the year is used to find the linked list for a particular day. If the array name is 

“bucket,” then 𝑏 𝑐𝑘𝑒 [ ] is a pointer to the list of events scheduled for the 3rd day of 

the year. The complete calendar thus consists of an array of 365 pointers and a 

collection of up to 365 linked lists. 

Figure 2.4 shows an example of calendarQ with length of the year is   time 

units and the length of the day is 0.5 time units. The current year begins at     and 

ends at    . Bucket 4 is the current date. Note that events scheduled in buckets   

through   are scheduled for next year and are in the range         . The numbers on 

the below of the bucket are the time ranges for each day in the current year.  

Calendar Queue has a complexity of   𝑛  for adding reservations, where 𝑛 is 

the number of reservations in the list for each bucket. Deleting reservations require a 

fast      because they are sorted in the list, and Calendar Queue only removes the 

reservations in the current bucket as time progresses. 
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2.2.3 Linked List Data Structure 

Qing Xiong et al. [77] have proposed a linked-list data structure for advance 

reservation admission control. The idea for the data structure was partly illuminated by 

the bandwidth tree. Each bandwidth advance reservation request can be described with 

a series of parameters, e.g. start time, end time, bandwidth, duration, etc. They define 

the advance reservation request as    𝑏      𝑒 , where 𝑏  denotes the reserved 

bandwidth,    and  𝑒 denote the start and end time respectively. An example for 

reserved bandwidth is given in Figure 2.5.  

The maximum available bandwidth in Figure 2.5 is     Kbps. The grey area 

area denotes the reserved bandwidth. A node of the linked list is defined as node 

(𝑏     𝑝 𝑒  ), where    denotes the starting time of the time interval, 𝑝 𝑒   

denotes the pointer to the next  node,  𝑏   denotes  the  reserved  bandwidth  during  

the  time  interval  of  current node. Thus the time interval covered by a node (denoted 

as 𝑛 ) is from 𝑛     to 𝑛    , where 𝑛  is the next node to 𝑛 . The 𝑝 𝑒   of the last 

node in a linked list is null. It means that the time interval covered by the last node 𝑛𝑒 

is from 𝑛𝑒    to infinity. Usually the bandwidth of the last node is zero, because 

during the time interval covered by 𝑛𝑒 (from 𝑛𝑒    to infinity) no bandwidth is 

reserved. Figure 2.6 shows the data structure of a linked list recording the reservation 

information shown in Figure 2.5. 

 

Figure 2.5: An example for the reserved bandwidth. The time ranges from 0 to 8 
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Figure 2.6: Data structure of a linked list corresponding to the reservation example 

shown in Figure 2.5 Each node contains the starting time, reserved bandwidth and a 

pointer to the next node 

The process of performing admission control with linked list is described as 

follows. Initially there is only a single node i.e. head node written as 𝑕𝑒𝑎𝑑     𝑛 𝑙𝑙  

in the linked list. When a reservation request   𝑏      𝑒  arrived and the request is 

admitted (when   𝑏      𝑚𝑎 ), 1 new node will be added into the linked list if 

     is equal to 0. If      is greater than zero than 2 new nodes will be added into the 

linked list. Positions of new nodes in the linked list are determined by their starting 

time. With this situation every time a new reservation request comes we have to do 

checking and adding operations. To avoid searching the proper position from the head 

node of the linked list time and time again, they utilize a pointer as a local head node 

to mark the start node that has been searched from for the prior request. In order to 

implement it, they should collect all the reservation requests during a given period 

(this is called offline scheduling), sort them by their starting time and then perform the 

admission control process for them together. Utilizing this mechanism will decrease 

the time for searching the proper starting node greatly. 

Linked List data structure has a sequential searching method leading to 

   𝑜     time complexity, where  𝑜    is the total number of reservations. This is 

because the List does not partition each reservation into a fixed time interval like a 

tree-based structure. Linked List can become very inefficient for running these 

operations on many short reservations, because it needs to find the correct position or 

node starting from the root node. 

Qing Xiong et al. [77] compared the performance of their data structure (linked 

list) for bandwidth advance reservation admission control with bandwidth tree data 

structure proposed by Tao Wang et al. [78] and time slotted array proposed by 
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Burchard et al. [68]. They had a result that linked data structure has a better 

performance for admission control in bandwidth advance reservation.   

2.2.4 GarQ Data Structure 

Sulistio et al. [73] have proposed GarQ (Grid Advance Reservation Queue) for 

administering advance reservation in grid system. GarQ is a modified Calendar Queue 

(CalendarQ) data structure. GarQ has buckets with a fixed time interval denotes by  , 

which represents the smallest slot duration, as with the Calendar Queue. This bucket is 

an array of a node containing    (the number of already reserved CNs in this bucket) 

and a linked list (sorted or unsorted) containing the reservations which start in this 

bucket node.  

Figure 2.7 shows the example of reserved compute node on the grid system 

with   compute nodes represented in a time-space diagram and the size of time slot is 

  time unit (   ). User1 scheduled at compute node 𝑐𝑛  from time   and up tome 

time  . User   scheduled at compute nodes cn1 and compute node 𝑐𝑛  from time   up 

to time  . User   scheduled at compute nodes 𝑐𝑛  and compute node 𝑐𝑛  from time   

up to time  . User   scheduled at compute nodes 𝑐𝑛  from time   up to time   . User 

5 scheduled at compute nodes 𝑐𝑛  and compute node 𝑐𝑛  from time    up to time   .  

 

Figure 2.7: Example of reserved compute node in time space diagram with 5 compute 

nodes 
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Figure 2.8: User 6 arrives, request 2 compute nodes from time 6 up to time 8, defined 

by  𝑒 𝑒            

 

When a new request from User 6 arrives, the system checks for any available 

compute nodes. In this example, the request is defined as  𝑒 𝑒        𝑒  𝑛 𝑚     

User 6 has a request as  𝑒 𝑒           .  However, only one node is available at 

interval 7 and 8, hence, this request will be rejected. Figure 8 shows user6 request in 

time space diagram of Figure 2.7. 

Figure 2.9 shows how reservations are stored in GarQ with Sorted Queue with 

δ = 1 time interval, by using the example illustrated in Figure 2.7. 

 

Figure 2.9: A  representation  of  storing  reservations in  GarQ with Sorted Queue and 

δ = 1 
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The complexity of GarQ for searching and deleting reservation is   𝑒 𝑒𝑐 , 

where 𝑒 𝑒𝑐 is the number of buckets needed to execute the job. The complexity for 

adding reservation is   𝑒 𝑒𝑐  and   𝑘  𝑒 𝑒𝑐  when using unsorted and sorted 

queue respectively, where 𝑘 is the number of reservations in a bucket list. Sulistio et 

al. [73] compared the performance of GarQ, CalendarQ, Segment Tree, and Linked 

List data structure. They had a result that GarQ performed better among the other data 

structure. 

2.3 Revenue Management System  

In grid system, the resource owners (producer) and resource users (consumers) have 

different objectives, strategies, and supply-and-demand patterns. Resource owners and 

resource users are geographically distributed in different time zones. The most 

commonly used approaches for managing such complex environments are driven by 

system-centric and user-centric policies [42]. System centric is a traditional approach 

for a resource management that attempts to optimize system-wide measure of 

performance. Also system centric is usually used in managing resources in single 

administrative domains. On the other hand, User-centric approaches focus on 

delivering maximum utility of the resources to the users based on their QoS 

requirements, i.e., an assurance of performance based on the criteria that the user 

thinks important such as the deadline by which his jobs have to be completed. 

Implementing QoS requires a system of rewards and penalties and, hence, typically 

user-centric approaches are driven by economic principles. 

System-centric Grid resource management systems such as Legion [79], 

Condor [80], AppLeS PST [81] [82], Net-Solve [83], PUNCH [84], and XtremWeb 

[85] adopt a conventional strategy, where which jobs are to be executed at which 

resources is scheduled based on cost functions driven by system-centric parameters. 

Their goal is to increase the system throughput, utilization, and complete execution as 

soon as possible, rather than increasing the utility of application processing. They 

treated that the resource access cost for executing the job to be the same. In reality the 

resource access cost is higher if there is a deadline to complete the job. On the other 
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hand, users do not want to pay the highest resource access cost, but users want to 

search or select a particular price based on the demand, priority, and available budget. 

In an economy-based approach, the end-users requirements direct and drive the 

scheduling decision dynamically at runtime. On the other hand, without economy 

model the resources access cost is driven by software and hardware cost. Pricing 

policies are based on the supply of resources and the demand from the users is the 

main driver in the competitive, economic market model. Therefore, a resource owner 

competes with other resource owners and a user competes with other users. 

Buyya et al. [42] have introduced a Grid economy concept. This concept 

provides a mechanism for regulating supply and demand, and calculates pricing 

policies based on these criteria. Grid economy concept offers an incentive for resource 

owners to join the Grid, and encourages users to utilize resources optimally and 

effectively. In general, the benefits of grid economy can be listed as follows: 

• Grid economy offers uniform treatment of all resources. That is, it allows 

trading of everything including computational power, memory, storage, 

network bandwidth/latency [86], data, and devices or instruments 

• Grid economy helps in regulating the supply and demand for resources  

• Grid economy offers incentive for resource owner to contribute their resources 

for others to use and take a profit from it, so encourages a large scale grid. 

• Grid economy encourages the solution of time critical problems first then 

offers an economic incentive for users to reduce their deadline or priority by 

paying less. 

• Grid economy provides a media for a user to compare the resource access cost. 

• Grid economy supports a simple and effective basis for offering differentiated 

services for different applications at different times. 
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• With grid economy decision-making process is distributed across all users and 

resource owners, so it helps in building a highly scalable grid. 

Several studies [43] [44] [45] [53] [58] [59] [63] [65] [87] have been done to 

improve scheduling and handling of reservations in grid systems using different 

techniques. However, a simple pricing model to determine the usage cost of each 

reservation has been provided by [43] [44] [45]. To increase incentives or profits, 

resources provider might need to adopt a more complex pricing model. The goal of 

revenue management is to maximize profits by providing the right price for every 

product to different customers (it may have two different classes of customer which 

have different price, i.e. full-price and discount-price), and periodically update the 

prices in response to market demands [46].  In revenue management system, booking 

limit is the maximum number of computing resources that may be reserved at each 

price class. If we set the discount booking limit to low, we will reject discount 

customers but the full-price customers are not enough to reserve all resource capacity. 

This is called spoilage, since computing resource becomes spoiled by rejecting 

discount-price customers. On the other hand, if we allow too many discount-price 

customers to book, we have a risk of rejecting full-price customers which give us more 

profit. This scenario is called dilution, where we dilute the revenue we can have from 

saving an additional computing resources for a high-price customers. The challenge of 

capacity allocation is to balance the risks of spoilage and dilution to maximize the 

revenue [46]. 

2.4 Discussion and Summary   

In this chapter we have discussed literature review regarding advance reservation in 

grid system. Many studies have been done to improve scheduling and handling of 

reservations in grid systems using different techniques. We have broadly categorized 

them into five categories. The first category is rigid reservation, where if a reservation 

request does not get available compute nodes to satisfy its requirement, then the 

system will reject it. The second category is elastic reservation, where if a reservation 

request does not get available compute nodes to satisfy its requirement, then the 
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system will search alternative available compute nodes and send it to user. Then user 

resubmits his/her advance reservation request with an alternative requirement given by 

resource provider only if user agrees with the alternative requirement. The third 

category is overlapping/relax advance reservation, to decrease the rejection rate or to 

increase the resource utilization. The fourth category is flexible advance reservation, 

where the advance reservation start time requirement is not strict. The advance 

reservation can start in certain interval time defined by a user. In this case, the resource 

provider tries to find available nodes in that interval time without changing the 

previous advance reservation already scheduled (static scheduling). The fifth category 

is flexible advance reservation dynamic scheduling, physical view, where if flexible 

advance reservation comes, the resource owner will reschedule the entire job that have 

been allocated but not executed yet.  

An efficient data structure is playing the important role in order to minimize 

the time for searching available compute nodes, adding and deleting an advance 

reservations. In this chapter we have presented several type of data structure for 

administering advance reservation. These data structure are: Segment Tree, Calendar 

Queue (CalendarQ), Linked List and GarQ.  

In this chapter we also presented literature on the need of revenue management 

to increase the revenue of resource owner by providing the right price for every 

product to different customers, and periodically updating the prices in response to 

market demands.  
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3 A Proposed Advanced Planning and 

Reservation Strategy 

 
 

We propose a novel advance planning and reservation strategy namely First Come 

First Serve Ejecting Based Dynamic Scheduling (FCFS-EDS) to increase resources 

utilization in a grid system. To achieve this we introduce a new notion that maps a user 

job to a virtual compute nodes (called logical view) which are subsequently mapped to 

actual compute nodes (called physical view) at the time of execution. An FCFS-EDS’s 

lemma ensures the success of such a mapping with increased throughput. This 

approach can be categorized under Flexible Advance Reservation (Dynamic, Logical 

View). 

3.1 Flexible Advance Reservation: A new Perception 

Parallel applications have very large resource requirements and require resources from 

multiple parallel computers to execute in the same time. Other applications are 

workflow applications, where the job in workflow application needs to wait of the 

other job before it can be executed. This is called dependency in workflow 

applications. To ensure a smooth broadcast of video and audio over the network, 

multimedia or soft real-time applications, such as video conferencing, need to have a 

certain amount of bandwidth which is not tolerable if there are any dropouts in a 

network transfer. With the three aforementioned applications, it is clear that they need 
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to have to an advance reservation to ensure that the specified resources are available 

for application when required [41]. In most grid systems with traditional scheduler, 

submitted jobs are placed in the wait queue if mandated resources are not available for 

them. Every grid system may use a different scheduling algorithm, for example First 

Come First Serve (FCFS), Shortest Job First (SJF), Earliest Deadline First (EDF), or 

EASY Backfilling [38] that executes jobs based on different parameters, such as 

number of resources, submission time, and duration of execution. With these 

scheduling algorithms, there is no guarantee about when these jobs will be executed 

[39]. Advance reservation is the process of requesting resources for use at specific 

times in the future [41]. Common resources that can be reserved or requested are 

compute nodes, network bandwidth, storage elements or a combination of any of 

those.  

In flexible advance reservation, user jobs are scheduled within given flexible 

constraints. Start time is not fixed and could be varied in a time interval. Let us define 

a new perception of “flexible advance reservation” as follows: “Flexible advance 

reservations are reservations where the time between reservation request starting time 

(   ) and reservation request end time ( 𝑑) is longer than the execution time (  ) of a 

job” as shown in Figure 3.1. 

 

 

Figure 3.1: Flexible Advance Reservation 
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   :  current time 

    :  lower bound to start time of the job (earliest start time) 

 𝑑  :  upper bound to end time to execute the job 

    :  execution/duration time of the job 

   : relax time, define by     𝑑           

     : upper bound to start execution of the job (latest start time), defined as 

     𝑑              

  𝑑  :  lower bound to end time to execution of the job,  defined as   𝑑      

    

    :  start time to execute the job                 

    :  completion time to execute the job    𝑑      𝑑    

   :  flexibility time, defined as     𝑑      

𝑓 : the degree of flexibility, define as 𝑓  
  

  
 ,   here  𝑓   , (if 𝑓   , the 

job considered as non reservation job mode. If       and 𝑓    the 

job for reservation considered with top most priority leading to 

immediate reservation mode i.e., scheduling mode) 

  𝑒  𝑑   :  identification of a user 

𝑗𝑜𝑏 𝑑     : identification of a job 

𝑛 𝑚   :  number of jobs  

𝑛 𝑚   :  number of compute nodes needed  

𝑚𝑎    :  total number of compute nodes 

From the above aforementioned variable, we don’t use some of them explicitly 

i.e.     𝑑,   𝑑,   , and  𝑓 but we define it to give a clear understanding regarding our 

new perception of advance reservation.  

In chapter 2, we have attempted to broadly categorize these advance 

reservation strategies reported in the literature which are: Rigid reservation [47] [48], 

Elastic Advance Reservation [43], Overlapping/Relax Advance Reservation [50] [54] 

[55], Flexible Advance Reservation (Static) [44] [58] [59], Flexible Advance 

Reservation (Dynamic, Physical View) [53] [63] [65]. Our proposed advance 
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reservation scheduling strategy namely First Come First Serve Ejecting Based 

Dynamic Scheduling (FCFS-EDS) falls into Flexible Advance Reservation (Dynamic, 

Logical View). Table 3.1 presents the parameters that have been used by other 

researchers. The rows indicate possible parameter and column the scheduling 

strategies. The entries are notations/symbols, policy and name wherever provided by 

the authors otherwise dash has been used.  

Table 3.1: Comparison between other scheduling strategies 

 Our 
work 

Sulisti
o et 
al. 

Castill
o. et al. 

Kaushik et 
al. 

Xiao 
et al. 

Chunmin
g et al. 

Netto 
et al. 

Behna
m et al. 

Moadel
li et al. 

Current 
Time 

   - - -    - -     - 

Time of 
the 

earliest 
start time 
of the job 

           -                      

start time 
to 

execute 
the job 

   - -        -           -     

completio
n time to 
execute 
the job 

   - - tend - -    -     

the end 
time to 
execute 
the job 

 𝑑     𝑑  - - - 𝑑 𝑑   𝑑  

execution 
time of 
the job 

   𝑑   𝑙  𝑑   𝑑 𝑑  𝑎 𝑖𝑜𝑛         𝑑 

Relaxed 
time 

   - -   -  𝑙𝑎𝑐𝑘 - - - 

Degree 
of 

flexibility 

𝑓 - - - - - - - - 

Compute 
nodes 

needed 

𝑛 𝑛              

Name Flexibl
e 

elasti
c 

genera
l job 

deadlin
e 

unconstrain
ed /flexible 

relaxe
d 

flexible flexibl
e 

- Flexibl
e 

Scheduli
ng 

FCFS 
- EDS 

FCFS
-OSP 

FCFS 
Min-Lip 

FCFS FCFS Min-min EDF GELSA
R 

FCFS 
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3.2 Types of Jobs  

Our advance planning and scheduling strategy for advance reservation FCFS-EDS can 

handle two types of job. It can handle parametric jobs and MPI Jobs.  

3.2.1 Parametric jobs 

Parametric jobs are similar jobs that only differ in arguments or input/output files. It is 

good to use parametric job type, because submitting them separately can take much 

time. With parametric job type, we can submit bulk of jobs as a single job.  

In science and engineering parametric computational experiments become very 

important as a means of exploring the behavior of complex systems. For example, the 

behavior of wing in airplane can be explored by running computational  model  of  the  

airfoil  multiple  time, where, each time of running this computational model 

parameters such  as  angle  of  attack,  air  speed, etc. are varied [8]. 

3.2.2 MPI jobs 

To solve compute intensive applications faster we can use three strategies which are : 

first, using faster hardware with high performance processor (work harder), second; 

using more efficient and faster algorithm (work smarter), and third; using multiple 

computer to solve a particular task (get help) [88]. Using faster hardware or high 

performance computing seem to be a good solution because of Moore’s Law [89] 

which stated that the number of transistors on integrated circuits doubles 

approximately every two years. But still this high performance computer with efficient 

algorithm is not enough to speed up the completion of compute intensive application. 

One possible solution to speed up the completion of compute intensive application is 

to connect multiple processors together and coordinate their computational effort. 

 The main reason for creating and using parallel computers is that parallelism is 

one of the best ways to overcome the speed bottleneck of a single processor [90]. 

There are three strategies for creating parallel applications. The first strategy is based 
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on automatic parallelization. With this strategy a programmer does not need to bother 

about parallelizing task. The second is based on the use of parallel libraries. With this 

strategy parallel code that is in common to several applications is encapsulated into a 

parallel library. The third strategy is major recoding or resembles the code from-

scratch in developing a parallel application. The programmer is free to choose the 

language and the programming model used for developing a parallel application [91]. 

 Message Passing Interface (MPI) is an API specification that allows parallel 

applications to communicate with each other by sending and receiving messages. It is 

typically used for parallel programs running on computer clusters and supercomputers. 

Parallel applications then can be called as MPI application/job. If MPI job need 𝑛 

compute nodes to execute its job, this n job must start at the same time.  

3.3 FCFS-EDS Strategy 

This strategy takes an advantage of shifting earlier reservations made (subject to given 

flexible constraints) to make room for new incoming reservation request. However the 

planning for reservation in our proposed model provides a logical view as against the 

physical view reported in the literature. Therefore we call our method as First Come 

First Serve-Ejecting Based Dynamic Scheduling (FCFS-EDS) strategy. 

3.3.1 Model 

User provides the following parameter in his reservation: 

a.   𝑒  𝑑 : identification of a user  

b. 𝑗𝑜𝑏 𝑑  : identification of a job 

c.       :  lower bound to start time of the job (the earliest start time) 

d.      : upper bound to start execution of the job (the last start time) 

e.     :  execution time of the job 

f.  𝑛 𝑚   :  number of compute nodes needed     
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Figure 3.2 shows Planning Module. In this module FCFS-EDS scheduling 

strategy communicates to data structure to see whether the incoming reservation can 

be allocated or not using first fit scheduling strategy. If there are compute nodes for 

this incoming reservation, FCFS-EDS scheduling module allocate this reservation in 

logical view and save it in data structure. If it cannot be allocated then FCFS-EDS 

scheduling strategy communicates to data structure to see whether there are allocated 

reservations in logical view that can be shifted to give a room to a new incoming 

reservation. If there are, shift them and allocate the new incoming reservation in 

logical view and save it in data structure. 

 

Figure 3.2: Planning Module 

3.3.2 Algorithm 

Algorithm of FCFS-EDS for parametric job is depicted in Algorithm 3.1 and explained 

as follows. Let us assume that earlier “𝑛   ” reservation requests made to FCFS-

EDS, specified by the following parameters:    ,    ,   ,   𝑒  𝑑, 𝑗𝑜𝑏 𝑑, have been 

successfully scheduled. Definition of variables is explained in lines 4-9. Lines 10–14 

initialize the variables. 

Incoming “𝑛  ” reservation request is scheduled based on first fit strategy 

(iteration of lines 16-25). It tries to search for resources within the given constraints 

(    and    ) and without disturbing plan for previous “𝑛   ” reservation requests that 

were made. Let us call this as plan    𝑑. If within the given flexible constraints the 

search fails to allocate resources the algorithm tries to move around previous “𝑛   ” 

reservations to accommodate “𝑛  ” reservation request (lines 31-44). If the resources 
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are found then the search is declared successful and the algorithm outputs a new plan 

     that depicts ” 𝑛” reservation requests as a logical view. If the search is a failure 

then the “𝑛   ” reservation request plan has to be restored to its previous state i.e. 

   𝑑.  

Time complexity for Algorithm 3.1 can be calculated with the assumption that 

all basic operations have     , hence assignment operation has     , comparison 

operation has     , addition operation has      and so on, hence we have: 

 𝑖𝑛𝑒    –                                           

 𝑖𝑛𝑒          

 𝑖𝑛𝑒        𝑒  

 𝑖𝑛𝑒          

 𝑖𝑛𝑒    𝑎𝑛𝑑         𝑒            𝑒  

 𝑖𝑛𝑒    –                              

 𝑒𝑛𝑐𝑒 𝑓𝑜  𝑙𝑖𝑛𝑒    –                    𝑒         𝑚𝑎     𝑒         

                𝑒     𝑒   

         𝑒   

     𝑒     

 𝑖𝑛𝑒    –                               

 𝑖𝑛𝑒          

 𝑖𝑛𝑒         𝑒  

 𝑖𝑛𝑒           

 𝑖𝑛𝑒    𝑎𝑛𝑑         𝑒            𝑒  

 𝑖𝑛𝑒    –                                    
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 𝑒𝑛𝑐𝑒  𝑖𝑛𝑒    –                             𝑒           𝑚𝑎     𝑒         

          𝑒      𝑒   

         𝑒   

        𝑒  

 𝑖𝑛𝑒            

Hence Algorithm, 3.1, FCFS-EDS has time complexity  

            𝑒          𝑒             

       𝑒             

     𝑒             

     𝑒           

     𝑒        

    𝑒     

Algorithm 3.1: FCFS-EDS for papametric job 
1 Function searchAndAlloc(userId, jobId, tes, tls, te : integer) → boolean 

2 //search and allocate job with given tes, tls, te 

3  Dictionary : 

4  ts : integer /*start time of the job*/ 

5  tc : integer /*finish time of the job*/ 

6  min : integer  /*minimum free nodes within interval  ts - tc*/ 

7  t   : integer  /*timeslot of minimum available node between ts to tc*/ 

8  tr  : integer  /*relax time, length between of tes and tls*/ 

9  relax : integer /*different between ts and tes time (ts - tes + 1)*/ 
Algorithm : 

10 tr ← tls – tes  

11 succeed ← false 

12 ts ← tes 

13 tc ← tes + te – 1 

14 relax ←  ts - tes  

15 

16 while (!succeed and (relax≤tr)) do  /*searching by first fit strategy*/ 

17    /*searching minimum free node between ts to tc*/  

18    min,t ← minFreeNode(ts, tc) 

19      if(min > 0) then 

20        add(userId, jobId, tes, ts, tls, te) 

21        succeed ← true 
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22      else  

23        ts ← t + 1 

24        tc ← ts + te - 1  

25        relax ← ts - tes  

26 /*end while, the state is succeed=true or succeed=false (relax > tr)*/ 

27 

28 ts ← tes 

29 tc ← tes + te – 1 

30 relax ←  ts - tes  

31 while (!succeed and (relax≤tr)) do 

32    /*searching minimum free node between ts to tc*/  

33    min,t ← minFreeNode(ts, tc); 

34    if(min > 0) then 

35      /*push or plan the job to data structure and update free node 

36      between ts to tc*/ 

37      add(userId, jobId, tes, ts, tls, te) 

38      succeed ← true 

39    else  

40      /*try to shift a job that start at t time slot*/ 

41      if(!shiftNode(t)) then //can't be shifted, move ts to t+1 

42        ts ← t + 1 

43        tc ← ts + te - 1  

44        relax ← ts - tes  

45 /*end while, the state is succeed=true or succeed=false (relax > tr)*/ 

46 if (!succeed) 

47   putBackAllShiftedJob() 

48 return succeed 

 

Algorithm of FCFS-EDS for MPI job is depicted in Algorithm 3.2 and 

explained as follows. Let us assume that earlier “𝑛   ” reservation requests made to 

FCFS-EDS, specified by the following parameters:    ,    ,   ,   𝑒  𝑑, 𝑗𝑜𝑏 𝑑, 

𝑛 𝑚   have been successfully scheduled. Definition of variables is explained in lines 

4-9. Lines 10–14 initialize the variables. 

Incoming “𝑛  ” reservation request is scheduled based on first fit strategy 

(iteration of lines 16-25). It tries to search for resources within the given constraints 

(    ,     and 𝑛 𝑚  ) and without disturbing plan for previous “𝑛   ” reservation 

requests that were made. Let us call this as plan    𝑑. If within the given flexible 

constraints the search fails to allocate resources the algorithm tries to move around 

previous “𝑛   ” reservations to accommodate “𝑛  ” reservation request (lines 31-44). 

If the resources are found then the search is declared successful and the algorithm 

outputs a new plan      that depicts ” 𝑛” reservation requests as a logical view. If the 

search is a failure then the “𝑛   ” reservation request plan has to be restored to its 

previous state i.e.    𝑑.  
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The main difference with respect to the parametric job is that this MPI job 

must start its jobs in the same time slot. Instead of checking available one compute 

node it checks 𝑛 𝑚   available compute nodes to satisfy the MPI reservation 

request. 𝑛 𝑚   is the number of compute nodes requested by a user. 

Algorithm 3.2: FCFS-EDS for MPI job 
1 Function searchAndAlloc(userId, jobId, tes, tls, te, numCN : integer) → 

boolean 

2 //search and allocate job with given tes, tls, te, numCN 

3  Dictionary : 

4  ts : integer /*start time of the job*/ 

5  tc : integer /*finish time of the job*/ 

6  min : integer  /*minimum free nodes within interval  ts - tc*/ 

7  t   : integer  /*timeslot of minimum available node between ts to tc*/ 

8  tr  : integer  /*relax time, length between of tes and tls*/ 

9  relax : integer /*different between ts and tes time (ts - tes + 1)*/ 
Algorithm : 

10 tr ← tls – tes  

11 succeed ← false 

12 ts ← tes 

13 tc ← tes + te – 1 

14 relax ←  ts - tes  

15 

16 while (!succeed and (relax≤tr)) do  /*searching by first fit strategy*/ 

17    /*searching minimum free node between ts to tc*/  

18    min,t ← minFreeNode(ts, tc) 

19      if(min ≥ numCN) then 

20        add(userId, jobId, tes, ts, tls, te, numCN) 

21        succeed ← true 

22      else  

23        ts ← t + 1 

24        tc ← ts + te - 1  

25        relax ← ts - tes  

26 /*end while, the state is succeed=true or succeed=false (relax > tr)*/ 

27 

28 ts ← tes 

29 tc ← tes + te – 1 

30 relax ←  ts - tes  

31 while (!succeed and (relax≤tr)) do 

32    /*searching minimum free node between ts to tc*/  

33    min,t ← minFreeNode(ts, tc); 

34    if(min ≥ numCN) then 

35      /*push or plan the job to data structure and update free node 

36      between ts to tc*/ 

37      add(userId, jobId, tes, ts, tls, te, numCN) 

38      succeed ← true 

39    else  

40      /*try to shift a job that start at t time slot*/ 

41      if(!shiftNode(t, numCN-min)) then //can't be shifted, ts equal t+1 

42        ts ← t + 1 

43        tc ← ts + te - 1  

44        relax ← ts - tes  

45 /*end while, the state is succeed=true or succeed=false (relax > tr)*/ 

46 if (!succeed) 

47   putBackAllShiftedJob() 

48 return succeed 

 



45 

 

3.3.3 Planning (Logical View) to Reservation (Physical View) 

Mapping 

 

Figure 3.3: Planning (Logical View) to Reservation (Physical View) Mapping 

As shown in Figure 3.3, Reservation Module maps allocated reservation in logical 

view to a physical view. This mapping has to be done in a way that all reservation 

allocated in logical view (a plan) will get an actual compute node, and the reservation 

that has started at a particular compute node has to be executed on that particular node 

for the entire time slot. In order to achieve this, we introduce an FCFS-EDS’s lemma 

to guarantee that the plan (logical view) can always be mapped into actual compute 

node (physical view), and once a job is started at certain compute node, then it will be 

executed on the same dedicated compute node for the entire time slot. Applying the 

FCFS-EDS’s lemma (discussed later) to the plan as depicted in Figure. 3.4, we 

guarantee that all the jobs will be executed as shown in Figure 3.5 (Physical View). 

 

Figure 3.4: Eleven users have been allocated using FCFS–EDS (Logical View) 

Figure 3.4 shows allocated reservation in logical view (plan), where   axis 

indicates time slot, and   axis indicates virtual compute node (Logical View). As there 

are 5 virtual compute nodes, they are shown along the   axis as              and   . 

Reservations of eleven users have been allocated during time slots 11 to 17. From 
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Figure 3.4 we can see that the virtual compute nodes allotted to   𝑒  𝑑    and 

𝑗𝑜𝑏 𝑑    are    at time slot 11 (        ) and    at time slot 12 as only 1 job 

(requiring 2 execution time slots) has been submitted by this user (  𝑒  𝑑   ).  

 

Figure 3.5: Actual Compute Node Mapping (physical view) at       

Figure 3.5 shows allocated reservation in physical view, where   axis indicates 

time slot, and   axis indicates actual compute nodes (Physical View). As there are 5 

actual compute nodes, they are shown along the   axis as 𝑐𝑛  𝑐𝑛  𝑐𝑛  𝑐𝑛   and 𝑐𝑛 . 

From Figure 3.5 we can see that the actual compute node allotted to   𝑒  𝑑    and 

𝑗𝑜𝑏 𝑑    is 𝑐𝑛  at time slot 11 (        ) and at time slot 12 as only 1 job 

(requiring 2 execution time slots) has been submitted by this user (  𝑒  𝑑   ). 

From Figure 3.4 we can see that allotted compute nodes for    𝑒  𝑑    and 

𝑗𝑜𝑏 𝑑    are    at time slot 11(        ) and    at time slot 12. It is seen that the 

same job on different time slot is allocated on different virtual compute node. Upon 

applying the FCFS-EDS’s lemma, the actual compute node allotted to   𝑒  𝑑    and 

𝑗𝑜𝑏 𝑑    is 𝑐𝑛  at time slot 11(        ) and at time slot 12. It is seen that once a 

job is started at certain compute node, then it will be executed on the same compute 

node for the entire time slot. 

The concept of proof of our advance planning and scheduling (reservation) 

strategy is assured due to the following FCFS-EDS’s Lemma: 

FCFS-EDS’s Lemma: If there is a plan for scheduling a job on the consecutive time 

slot on virtual compute nodes (which are selected freely) (Logical View) then it 

guarantees that the job will be executed on a dedicated physical node for the required 

execution time (Physical View). 
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Proof: 

Let      be is an array of size 𝑚𝑎    (maximum number of compute node) 

scheduling plan at time slot  .      𝑖  is 𝑖   element of     , and it holds the job id that 

is assigned to 𝑖   compute node at time slot  .       is a new array of scheduling plan 

at time slot   after shuffling the element of     .   

Let  𝑆    be the list (set) of jobs planed for time slot t associated to     .  Then  

 𝑆    –   𝑆      indicates the list (set)  of job finishes at time slot   

 𝑆      –   𝑆    indicates the list (set)  of job start at time slot     

 𝑆       𝑆      indicates list (set)  of a job continuing from time slot   to     

  is   to     assignment matrix of order 𝑚𝑎    (of zeros and ones).    𝑖 𝑗     

indicates that job at time slot   is executed at compute node 𝑖 and at time slot     is 

executed at compute node 𝑗.   

  is a partial permutation matrix. One can construct complete permutation matrix, 

say    (which is a non singular matrix).  

Let   be equal to   
 
 then the multiplication between    and   is    

Thus the multiplication between    and    is     

If   is Partial Identity (  ) matrix,  

Then the job at time   will be executed at the same compute node at time 

slot    . 

 Else treat advance scheduling plan for     time slot by multiplying          

with   (one can easily verify that   for this will be   ). 
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An Example: 

Table 3.2: Reservation allocation at time slot   and     

Job at CN 

Time Slot 
          

            

        -     

 

From Table 3.2 we can se that job from user   at time slot   is allocated at 

compute node number  , and at time slot     is allocated at compute node number  . 

      [         ] 

         [    –     ] 

 𝑆    –   𝑆              

 𝑆      –   𝑆          

 𝑆       𝑆                

Construct the assignment matrix   

   

[
 
 
 
 
     
     
     
     
     ]

 
 
 
 

 

if (      𝑖            𝑗  ) then 

    𝑖 𝑗       

else 

    𝑖 𝑗        

   𝑖 𝑗       indicates that job at time slot   is executed at compute node 𝑖 and 

at time slot     is executed at compute node 𝑗. 

Construct complete permutation matrix    
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[
 
 
 
 
     
     
     
     
     ]

 
 
 
 

 

Every row and every column of    can consist only   (one), the other element 

is zero. 

Construct   be equal to   
 
   

   

[
 
 
 
 
     
     
     
     
     ]

 
 
 
 

 

Compute                       then  

           [     ]   

[
 
 
 
 
     
     
     
     
     ]

 
 
 
 

 

           [     ] 

 

Table 3.3: Reservation allocation at time slot   and     after        multiplied by 

matrix   

Job at CN 

Time Slot 
          

            

             

 

 Table 3.3 is the new reservation allocation table with the new value of      
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Construct the   

   

[
 
 
 
 
     
     
     
     
     ]

 
 
 
 

 

  is partial identity matrix (  ), then we can say that all the job at time   will 

be continued at the same dedicated compute node at time    .   

3.4 Illustration 

PARAMETRIC JOB: To explain how FCFS-EDS for parametric job works we 

introduce an example. If we have 𝑚𝑎    compute node (physical view), let 𝑚𝑎    

is equal to 5 (𝑐𝑛  𝑐𝑛 ) as physical nodes, then the number of virtual node (logical 

view) is also 5 (     ). Sequence of incoming reservation is depicted in Table 3.4, 

where 𝑛 𝑚   𝑚𝑎    and 𝑛 𝑚  are the number of jobs submitted by   𝑒  𝑑. For 

example the given parameters for   𝑒  𝑑 = 3 in the Table 3.4 implies the following: 

“User 3 reserved 3 time slots at time slot 12 up to 14, needed 1 compute node for 1 

independent job, and cannot be delayed/shifted. (                 𝑛 𝑚   

  𝑛 𝑚    ”. 

Table 3.4: Parameters of parametric job reservation request 
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Figure 3.6: Ten reservations have been allocated (Logical View) for parametric job 

The result of FCFS-EDS for parametric job is a plan shown in Figure 3.6, 

where   axis indicates time slot, and   axis indicates virtual compute node (Logical 

View). As there are 5 virtual compute nodes, they are shown along the   axis as 

             and   . The ten user reservations have been allocated during time slots 

11 to 17. Consider   𝑒  𝑑    from Table 3.4. The virtual computes nodes allotted to 

it are    at time slot 11 (        ) and    at time slot 12 as only 1 job (requiring 2 

execution time slots) has been submitted by this user.  

Suppose User 11 wishing to reserve 3 time slots from 12 up to 14, needs 3 

compute nodes for 3 independent jobs and each job can be delayed up to time slot 14 

(                    𝑛 𝑚     𝑛 𝑚    . See Figure 3.7. 

 

 
Figure 3.7: New user makes a request for parametric job 

The result of FCFS-EDS for parametric job is a plan for the new incoming 

reservation request from user 11 which is depicted in Figure 3.8. Using conventional 

reservation or rigid reservation only one independent job from user 11 will be 

allocated and the other two will be rejected. From Figure 3.8, it is seen that the same 

job on different time slot is allocated on different virtual compute nodes. On 
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successful reservation a notification is sent to the user only once (in our approach as 

we are working at a logical view) whereas in other approaches it has to send every 

time a revision is made in the plan (    ) (physical view: reassignment of physical 

resources) [63] [65]. 

 
Figure 3.8: New user has been allocated using FCFS – EDS (Logical View) for 

parametric job 

 

Table 3.5: Parameters of MPI job reservation request 

                             

              

              

              

              

              

              

              

              

              

               

 

MPI JOB: To explain how FCFS-EDS for MPI job works we introduce an example. If 

we have 𝑚𝑎    compute node (physical view), let 𝑚𝑎    is equal to 5 (𝑐𝑛  𝑐𝑛 ) 

as physical nodes, then the number of virtual node (logical view) is also 5 (     ). 

Sequence of incoming reservation is depicted in Table 3.5, where 𝑛 𝑚   𝑚𝑎    

and 𝑛 𝑚  are the number of jobs submitted by   𝑒  𝑑. For example the given 
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parameters for   𝑒  𝑑 = 3 in the Table 3.5 implies the following: “User 3 reserved 3 

time slots at time slot 12 up to 14, needed 1 compute node for 1 independent job, and 

cannot be delayed/shifted. (                 𝑛 𝑚     𝑛 𝑚    ”. 

The result of FCFS-EDS for MPI job is a plan shown in Figure 3.9, where   

axis indicates time slot, and   axis indicates virtual compute node (Logical View). As 

there are 5 virtual compute nodes, they are shown along the   axis as              

and   . The ten user reservations have been allocated during time slots 11 to 17. 

Consider   𝑒  𝑑    from Table 3.5. The virtual computes nodes allotted to it are    

at time slot 11 (        ) and    at time slot 12 as only 1 job (requiring 2 execution 

time slots) has been submitted by this user.  

Suppose User 11 wishing to reserve 3 time slots from 12 up to 14, needs 2 

compute nodes for 1 independent job and can be delayed up to time slot 14 (    

                𝑛 𝑚     𝑛 𝑚    . See Figure 3.10. 

 

Figure 3.9: Allocation of ten MPI reservations in Logical View 

 
Figure 3.10: MPI reservation request from a new user 
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Figure 3.11: A new user has been allocated using FCFS – EDS (Logical View) for 

MPI job 

The result of FCFS-EDS for MPI job is a plan for the new incoming 

reservation request from user 11 which is depicted in Figure 3.11. Using conventional 

reservation or rigid reservation job from user 11 will be rejected. From Figure 3.11, it 

is seen that the same job on different time slot is allocated on different virtual compute 

nodes.  On successful reservation a notification is sent to the user only once (in our 

approach as we are working at a logical view) whereas in other approaches it has to 

send every time a revision is made in the plan (    ) (physical view: reassignment of 

physical resources) [63] [65]. 

3.5 Mapping of the Plan (Logical View) to Actual Compute 

Node (Physical View) 

We introduce an FCFS-EDS’s Lemma to guarantee that the plan (logical view) can 

always be mapped into actual compute node (physical view), and once a job is started 

at certain compute node, then it will be executed on the same compute node for the 

entire time slot. Applying the FCFS-EDS’s lemma to the plan of parametric job as 

depicted in Figure 3.12, we guarantee that all the jobs will be executed as shown in 

Figure 3.13 (Physical View). 
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Figure 3.12: Allocation/Plan for reservations request using FCFS–EDS for parametric 

jobs (Logical View) 

 

 
Figure 3.13: Actual Compute Node Mapping (physical view) at       for parametric 

jobs 

Applying the FCFS-EDS’s lemma to the plan of MPI job as depicted in Figure. 

3.14, we guarantee that all the jobs will be executed as shown in Figure 3.15 (Physical 

View). 

 
Figure 3.14: Allocation/Plan for reservation requests using FCFS–EDS for MPI jobs 

(Logical View) 
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Figure 3.15: Actual Compute Node Mapping (physical view) at       for MPI jobs 

 

3.6 Discussion 

In this chapter we have discussed our proposed Advance Planning and Reservation 

System. We have introduced a definition for flexible advance reservation. With that 

definition we have compared the parameters that have been used by other researchers 

in their study.  

We also have discussed about our Advance Planning and Reservation System 

strategy namely First Come First Serve – Ejecting Base Dynamic Scheduling (FCFS-

EDS). We discussed the model and algorithm of our FCFS-EDS advance planning and 

reservation strategy. FCFS-EDS is a scheduling strategy in a logical view. To map the 

plan to physical view, we introduced a new lemma (FCFS-EDS’s lemma), to 

guarantee that once a job is started at certain compute node, then it will be executed on 

the same dedicated compute node for the entire time slot.  

To have a better insight of our proposed strategy we have presented an 

illustration for both parametric and MPI jobs. 
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4 Data Structure for FCFS-EDS Strategy 

 

We have proposed advance planning and reservation strategy to increase resource 

utilization namely First Come First Serve – Ejecting base Dynamic Scheduling (FCFS 

– EDS) [92]. In order to implement reliable FCFS – EDS scheduling, it is important to 

store information in data structure about future allocations and to provide fast access to 

the available information. This chapter proposes a novel data structure used by FCFS – 

EDS scheduling system for planning.   

4.1 Introduction 

There are several data structures for administering advance reservation. In general 

there are two types of data structure for administering advance reservation i.e. time 

slotted data structure and continuous data structure. In time slotted data structure each 

request  is stored in a certain number of consecutive time slots,  where  in continuous 

data structure each  request  defines  its  own  time  scale.  Time slotted data structure 

approach has the advantage of restricting the amount of data that must be stored, i.e., 

the memory consumption is bounded and, furthermore, it can be easily implemented 

[67]. The majority of current implementations in the field of advance reservations 

support time slotted data structure [47] [68] [69] [70] [71] [72] [73]. Consequently, our 

proposed data structure presented here is designed to support slotted time. 
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A tree-based data structure is commonly used for admission control in network 

bandwidth reservation [71] [74] [75]. Brown et al. [72] have proposed Calendar Queue 

(CalendarQ), as a priority queue for future event set problems in discrete event 

simulation. Qing Xiong et al. [77] have proposed a linked-list data structure for 

advance reservation admission control. Sulistio et al. [73] have proposed GarQ (Grid 

Advance Reservation Queue) for administering advance reservation in grid system. 

GarQ was partly influenced by Calendar Queue data structure. GarQ has buckets with 

a fixed δ, which represents the smallest slot duration, as with the Calendar Queue. 

Sulistio et al. [73] also implemented all data structures aforementioned above in grid 

system and compare the performance of GarQ and the other data structure. They had a 

result that GarQ performed better among the other data structure. 

4.2 Proposed Data Structure 

Existing data structures reported in the literature cannot be used for our scheduling 

strategy (FCFS-EDS [92] [93]) for administering advance planning. Our proposed data 

structure for administering advance reservation using FCFS-EDS scheduling strategy 

is influenced by GarQ data structure, because it has better performance among other 

data structure reported in the literature. We modify the GarQ so that it can handle the 

flexible advance planning where in GarQ can only handle the rigid reservation. This is 

accomplished by adding     and     property, and omitting    in the data structure. The 

proposed data structure has buckets with a fixed time (our assumption is for 5 minutes 

but it can be user defined), which represents the smallest slot duration, as described in 

the Calendar Queue.  

Our proposed data structure comes with two flavors, one for parametric job and 

one for MPI job. These are discussed in next sections. 

4.2.1 Parametric Jobs 

Our proposed data structure for parametric job can be seen in Figure 4.1, which is 

depicted as array based data structure. Name of the array is   𝑙𝑜 . The index of the 
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array represents a particular time slot. Each time slot contains a list of reservations that 

starts in that time slot. 

A Node or an Element of the   𝑙𝑜  array is a record that contains two fields 

(variables), i.e. 𝑓 𝑒𝑒 field that holds the number of free virtual compute nodes 

available in the given time slot and the 𝑝 field is a pointer to another linked list of 

nodes. These nodes contain the following information about a job: 

  𝑒  𝑑  : identification of the user 

𝑗𝑜𝑏 𝑑 : As user can submit more than one independent job, 𝑗𝑜𝑏 𝑑 is used to identify 

them 

    : the earliest start time of the job 

    :  the last start time of the job 

   : the execution time of the job 

𝑛𝑒   :  pointer to a node of reservation 

 
Figure 4.1: Proposed Data Structure for Parametric Job 
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Let us illustrate this with an example. Let us assume that we have a total 

number of 5 virtual compute nodes i.e., 𝑚𝑎     , and a sequence of incoming 

reservation request from the users as depicted in Table 4.1. Consider the given 

parameters for   𝑒  𝑑    in the Table 4.1. The information provided implies the 

following: “User 3 has reserved 3 time slots at   𝑙𝑜  array, and the indexes are 

ranging from 12 to 14, and that the submitted job cannot be delayed or shifted because 

     𝑎𝑛𝑑            . Data structure that results from storing all the reservation 

requests of Table 4.1 can be seen in Figure 4.2. As we see in Figure 4.2 there are five 

jobs that start at timeslot 11, three jobs that start at timeslot 12, and so on. In the node 

of reservation, 𝑛𝑒   is equal to  𝑖𝑙 if it doesn’t point to any node of reservation. In 

the   𝑙𝑜  array, pointer 𝑝 is equal to  𝑖𝑙 if it doesn’t point to any node of reservation.  

Table 4.1: Parameters of reservation request 
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Figure 4.2: Resultant Data Structure for storing reservation requests of Table 4.1 

 

4.2.2 MPI Jobs  

Our proposed data structure for MPI job can be seen in Figure 4.3, which is depicted 

as array based data structure. Name of the array is   𝑙𝑜 . The index of the array 

represents a particular time slot. Each time slot contains a list of reservations that starts 

in that time slot. 

A Node or an Element of the   𝑙𝑜  array is a record that contains two fields 

(variables), i.e. 𝑓 𝑒𝑒 field that holds the number of free virtual compute nodes 



62 

 

available in the given time slot and the 𝑝 field is a pointer to another linked list of 

nodes. These nodes contain the following information about a job: 

  𝑒  𝑑  : identification of the user 

𝑗𝑜𝑏 𝑑 : As user can submit more than one independent job, 𝑗𝑜𝑏 𝑑 can identify them 

    : the earliest start time that the job can be started 

    :  the last start time that the job can be started 

   : the execution time of the job 

𝑛 𝑚   : number of compute node needed 

𝑛𝑒   :  pointer to a node of reservation 

 

Let us illustrate this with an example. Let us assume that we have a total 

number of 5 virtual compute nodes i.e., 𝑚𝑎     , and a sequence of incoming 

reservation request from the users as depicted in Table 4.2. Consider the given 

parameters for   𝑒  𝑑    in the Table 4.2. The information provided implies the 

following: “User 3 has reserved 3 time slots at   𝑙𝑜  array, and the indexes are 

ranging from 12 to 14, and that the submitted job cannot be delayed or shifted because 

     𝑎𝑛𝑑           , and compute node needed is  ”. Data structure that results 

from storing all the reservation requests of Table 4.2 can be seen in Figure 4.4. As we 

see in Figure 4.4 there are four jobs that start at timeslot 11, three jobs that start at 

timeslot 12, and so on. In the node of reservation, 𝑛𝑒   is equal to  𝑖𝑙 if it doesn’t 

point to any node of reservation. In the   𝑙𝑜  array, pointer 𝑝 is equal to  𝑖𝑙 if it 

doesn’t point to any node of reservation. 
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Figure 4.3: Proposed Data Structure for MPI job 

 

 

Table 4.2: Parameters of reservation request of MPI job 
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Figure 4 4: Resultant Data Structure for storing reservation requests of Table 4.2 

 

4.3 Planning Algorithm 

FCFS-EDS (First Come First Serve - Ejecting base Dynamic Scheduling) strategy 

takes an advantage of shifting earlier reservations made (subject to given flexible 

constraints) to make room for new incoming reservation request. However the 

planning for reservation in our proposed model provides a logical view as against the 

physical view reported in the literature. 

4.3.1 Parametric Job  

4.3.1.1 Searching an Available Virtual Node for Parametric job 

Algorithm 4.1 shows an algorithm of FCFS-EDS for searching an available virtual 

node for parametric job. Let us assume that earlier “𝑛   ” reservation requests made 
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to FCFS-EDS, specified by the following parameters:   𝑒  𝑑, 𝑗𝑜𝑏 𝑑    ,    ,   , have 

been successfully planned. Definition of variables is explained in lines 4-9. Lines 10–

14 initialize the variables. 

Incoming “𝑛  ” reservation request is scheduled based on first fit strategy 

(iteration of lines 16-25). It tries to search for resources within the given constraints 

(    and    ) and without disturbing plan for previous “𝑛   ” reservation requests that 

were made. Let us call this as plan    𝑑. If within the given flexible constraints the 

search fails to allocate resources the algorithm tries to move around previous “𝑛   ” 

reservations to accommodate “𝑛  ” reservation request (lines 31-44). If the resources 

are found then the search is declared successful and the algorithm outputs a new plan 

     that depicts ” 𝑛” reservation requests as a logical view. If the search is a failure 

then the “𝑛   ” reservation request plan has to be restored to its previous state i.e. 

   𝑑.  

Algorithm 4.1: Searching available virtual node for parametric job 

1 Function searchAndAlloc(userId, jobId, tes, tls, te : integer) → boolean 

2 //search and allocate job with given tes, tls, te 

3  Dictionary : 

4  ts : integer /*start time of the job*/ 

5  tc : integer /*finish time of the job*/ 

6  min : integer  /*minimum free nodes within interval  ts - tc*/ 

7  t   : integer  /*timeslot of minimum available node between ts to tc*/ 

8  tr  : integer  /*relax time, length between of tes and tls*/ 

9  relax : integer /*different between ts and tes time (ts - tes + 1)*/ 

Algorithm : 

10 tr ← tls – tes  

11 succeed ← false 

12 ts ← tes 

13 tc ← tes + te – 1 

14 relax ←  ts - tes  

15 

16 while (!succeed AND (relax≤tr)) do  /*searching by first fit strategy*/ 

17    /*searching minimum free node between ts to tc*/  

18    min,t ← minFreeNode(ts, tc) 

19      if(min > 0) then 

20        add(userId, jobId, tes, ts, tls, te) 

21        succeed ← true 

22      else  

23        ts ← t + 1 

24        tc ← ts + te - 1  

25        relax ← ts - tes  

26 /*end while, the state is succeed=true or succeed=false (relax > tr)*/ 

27 
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28 ts ← tes 

29 tc ← tes + te – 1 

30 relax ←  ts - tes  

31 while (!succeed AND (relax≤tr)) do 

32    /*searching minimum free node between ts to tc*/  

33    min,t ← minFreeNode(ts, tc); 

34    if(min > 0) then 

35      /*push or plan the job to data structure and update free node 

36      between ts to tc*/ 

37      add(userId, jobId, tes, ts, tls, te) 

38      succeed ← true 

39    else  

40      /*try to shift a job that start at t time slot*/ 

41      if(!shiftNode(t)) then //can't be shifted, move ts to t+1 

42        ts ← t + 1 

43        tc ← ts + te - 1  

44        relax ← ts - tes  

45 /*end while, the state is succeed=true or succeed=false (relax > tr)*/ 

46 if (!succeed) 

47   putBackAllShiftedJob() 

48 return succeed 

4.3.1.2 Adding a Parametric Job 

Algorithm 4.2 shows an algorithm for allocating/adding the reservation for parametric 

job in the data structure. Here new reservation is put in an ascending order by   𝑒  𝑑. 

If a user (  𝑒  𝑑) has more than one reservation then new reservation is put in an 

ascending order by 𝑗𝑜𝑏 𝑑. Definition of variables is explained in lines 5-7. Lines 9–10 

initialize the variables.  

There are 4 possible cases to add the new reservation in data structure:  

1. The list of reservation in   
   element of timeslot array is empty. In this case, add 

the new reservation as the first node of the list of reservation (insert first). This 

addition is done in line 13. 

2. First node of the list of reservation has   𝑒  𝑑 which is bigger than the 

incoming   𝑒  𝑑. In this case add the new reservation as the first node of the list 

of reservation (insert first). This addition is done in lines 15 and 16. 

3. The first element of the list of reservation has the same   𝑒  𝑑 with the 

incoming   𝑒  𝑑 and 𝑗𝑜𝑏 𝑑 of the first node of list of reservation is bigger than 

the incoming 𝑗𝑜𝑏 𝑑. Add the new reservation as the first component of the list of 
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reservation (insert first). This addition is done in lines 18 and 19 

4. In this case the new reservation will be inserted in the middle or in the last of 

reservation. 𝑝𝑛 is a pointer to a reservation node, this pointer is used for 

traversing the list of reservation. While traversing the list of reservation there are 

three possibilities that can happen: 

a. All nodes in the reservation list have smaller   𝑒  𝑑 than the incoming 

reservation   𝑒  𝑑. In this case, add the new reservation as the last node of 

the reservation list (insert last). This addition is done in line 26. 

b. There is a node in the reservation list which has bigger   𝑒  𝑑 than the 

incoming   𝑒  𝑑. In this case add the new reservation right before the node 

which has the bigger   𝑒  𝑑 than the incoming   𝑒  𝑑. This addition is done 

in lines 28-29 

c. There is no node in the reservation list which has the same   𝑒  𝑑 with the 

incoming   𝑒  𝑑. In this case, 𝑝𝑛 traverse in among the nodes which have the 

same   𝑒  𝑑 with the incoming reservation   𝑒  𝑑. While traversing, there 

are three possibilities that can happen: 

i. It reaches the last node of reservation list which 𝑗𝑜𝑏 𝑑 is smaller 

than 𝑗𝑜𝑏 𝑑 of the incoming reservation. In this case, add the new 

reservation as the last node of the reservation list (insert last). This addition 

is done in line 34 

ii. The last node of traversal (name it 𝑙𝑛 node) has smaller 𝑗𝑜𝑏 𝑑 than the 

incoming reservation 𝑗𝑜𝑏 𝑑. In this case, add the new reservation directly 

after node 𝑙𝑛. This addition is done in lines 36-37. 

iii. It finds the node (name it 𝑓𝑛 node) which has the 𝑗𝑜𝑏 𝑑 bigger than the 

incoming reservation 𝑗𝑜𝑏 𝑑. In this case, add the new reservation directly 

before node 𝑓𝑛. This addition is done in lines 39-40. 
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Updating the free field of   𝑙𝑜  array is done by lines 42-43 

Algorithm 4.2: Adding a reservation for parametric job 

1  Procedure add(userId, jobId, tes, ts, tls, te : integer) 

2  //allocate a reservation with userId, jobId, eStartTime=tes, 

lStartTime=tls, 

3  //execTime=te at ts
th
 element of the timeslot array (tslot) 

4  Dictionary : 

5  tc : integer /*finish time of the job*/ 

6  n : node /*record of reserevation*/ 

7  pn : pointer to node 

8  Algorithm : 

9  tc ← ts + te – 1 

10 n ← new node(userId, jobId, tes, tls, te, nill) 

11 

12 if (tslot[ts].p = nil) then  

13    tslot[ts].p ← n     //insert first 

14 else if (tslot[ts].p.userId > n.userId) then 

15    n.next ← tslot[ts].p  

16    tslot[ts].p ← n     //insert first 

17 else if (tslot[ts].p.userId = n.userId AND tslot[ts].p.jobId > n.jobId) 

then 

18    n.next ← tslot[ts].p 

19    tslot[ts].p ← n     //insert first    

20 else  

21    pn ← tslot[ts].p 

22    while (pn.next!=nil AND pn.next.userId < n.userId) do 

23       pn ← pn.next 

24    //here pn.next.userId > n.userId or pn.next.userId = n.user.Id or 

pn.next = nill 

25    if (pn.next = nil) then 

26       pn.next ← n        //insert last 

27    else if (pn.next.userId > n.userId) 

28       n.next ← pn.next   //insert new userId 

29       pn.next ← n 

30    else //the same userId is found or pn.next.userId = n.user.id  

31       while(pn.next!=nil AND pn.next.userId=n.userId AND 

pn.next.jobId<n.jobId) do 

32          pn ← pn.next 

33       if(pn.next = nil) then 

34          pn.next ← n    //insert last 

35       else if(pn.next.userId != n.userId) then 

36          n.next ← pn.next   //insert last for old userId 

37          pn.next ← n 

38       else if (pn.next.jobId > n.jobId) then 

39          n.next ← pn.next 

40          pn.next ← n    //insert old userId   

41 

42 for(int i=ts; i<=tc; i++) 

43    tslot[i].free ← tslot[i].free -1  //update a free node 
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4.3.1.3 Deleting a Parametric Job 

Deleting an existing reservation for parametric job is shown in Algorithm 4.3. 

Definition of variables is explained in lines 4-6. Lines 8 and 9 initialize the variables. 

In deleting the existing reservation there are two possible cases that can happen: 

1. The first node of reservation list at   
   element of timeslot array has the 

same   𝑒  𝑑 and 𝑗𝑜𝑏 𝑑 with the node that will be deleted. In this case 

delete the first node (delete first). This is done in lines 11 and 12. 

2. Traverse the reservation list at   
   element of timeslot array until finding 

the node (name it 𝑑𝑛) which has the same   𝑒  𝑑 and 𝑗𝑜𝑏 𝑑 with the node 

that will be deleted.  In this case delete the 𝑑𝑛 node. This is done in lines 

16-18.  

Updating the free field of   𝑙𝑜  array is done by lines 20-21. 

Algorithm 4.3: Deleting a reservation for parametric job 

 
1  Procedure delete(userId, jobId, ts : integer) 

2  //delete a reservation with userId, jobId    

3  Dictionary : 

4  tc : integer /*finish time of the job*/ 

5  pn : pointer to node 

6  pdel : pointer to node 

7  Algorithm : 

8  tc ← ts + te – 1 

9  pn ← tslot[ts].p 

10 if(pn.userId = userId AND pn.jobId = job.Id) //delete first 

11    tslot[ts].p = pn.next 

12    delete pn //delete pn from memory 

13 while (pn.next.userId != userId OR pn.next.jobId != jobId) do 

14     pn ← pn.next 

15  

16 pdel ← pn.next 

17 pn.next ← pdel.next 

18 delete pdel  

19 

20 for(int i=ts; i<=tc; i++) 

21    tslot[i].free ← tslot[i].free -1  //update a free node 
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4.3.2 MPI Job 

4.3.2.1 Searching an Available Virtual Nodes for MPI Job 

Algorithm 4.4 shows an algorithm of FCFS-EDS for searching available nodes for 

MPI job. Let us assume that earlier “𝑛   ” reservation requests made to FCFS-EDS, 

specified by the following parameters:    ,    ,   ,   𝑒  𝑑, 𝑗𝑜𝑏 𝑑, 𝑛 𝑚   have been 

successfully scheduled. Definition of variables is explained in lines 4-9. Lines 10–14 

initialize the variables. 

Incoming “𝑛  ” reservation request is scheduled based on first fit strategy 

(iteration of lines 16-25). It tries to search for resources within the given constraints 

(   ,     and 𝑛 𝑚  ) and without disturbing plan for previous “𝑛   ” reservation 

requests that were made. Let us call this as plan    𝑑. If within the given flexible 

constraints the search fails to allocate resources the algorithm tries to move around 

previous “𝑛   ” reservations to accommodate “𝑛  ” reservation request (lines 31-44). 

If the resources are found then the search is declared successful and the algorithm 

outputs a new plan      that depicts ” 𝑛” reservation requests as a logical view. If the 

search is a failure then the “𝑛   ” reservation request plan has to be restored to its 

previous state i.e.    𝑑.  

Algorithm 4.4: Searching available virtual nodes for MPI job 

1 Function searchAndAlloc(userId, jobId, tes, tls, te, numCN : integer) → 

boolean 

2 //search and allocate job with given tes, tls, te, numCN 

3  Dictionary : 

4  ts : integer /*start time of the job*/ 

5  tc : integer /*finish time of the job*/ 

6  min : integer  /*minimum free nodes within interval ts - tc*/ 

7  t   : integer  /*timeslot of minimum available node between ts to tc*/ 

8  tr  : integer  /*relax time, length between of tes and tls*/ 

9  relax : integer /*different between ts and tes time (ts - tes + 1)*/ 

Algorithm : 

10 tr ← tls – tes  

11 succeed ← false 

12 ts ← tes 

13 tc ← tes + te – 1 

14 relax ←  ts - tes  

15 

16 while (!succeed AND (relax≤tr)) do  /*searching by first fit strategy*/ 

17    /*searching minimum free node between ts to tc*/  
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18    min,t ← minFreeNode(ts, tc) 

19      if(min ≥ numCN) then 

20        add(userId, jobId, tes, ts, tls, te, numCN) 

21        succeed ← true 

22      else  

23        ts ← t + 1 

24        tc ← ts + te - 1  

25        relax ← ts - tes  

26 /*end while, the state is succeed=true or succeed=false (relax > tr)*/ 

27 

28 ts ← tes 

29 tc ← tes + te – 1 

30 relax ←  ts - tes  

31 while (!succeed AND (relax≤tr)) do 

32    /*searching minimum free node between ts to tc*/  

33    min,t ← minFreeNode(ts, tc); 

34    if(min ≥ numCN) then 

35      /*push or plan the job to data structure and update free node 

36      between ts to tc*/ 

37      add(userId, jobId, tes, ts, tls, te, numCN) 

38      succeed ← true 

39    else  

40      /*try to shift a job that start at t time slot*/ 

41      if(!shiftNode(t, numCN-min)) then //can't be shifted, ts equals t+1 

42        ts ← t + 1 

43        tc ← ts + te - 1  

44        relax ← ts - tes  

45 /*end while, the state is succeed=true or succeed=false (relax > tr)*/ 

46 if (!succeed) 

47   putBackAllShiftedJob() 

48 return succeed 

 

4.3.2.2 Adding an MPI Job 

 

Algorithm 4.5 shows an algorithm for allocating/adding the reservation for MPI job in 

the data structure. Here new reservation is put in an ascending order by   𝑒  𝑑. If a 

user (  𝑒  𝑑) has more than one reservation then new reservation is put in ascending 

order by 𝑗𝑜𝑏 𝑑. Definition of variables is explained in lines 5-7. Lines 9–10 initialize 

the variables.  

There are 4 possible cases to add the new reservation in data structure:  

1. The list of reservation in   
    element of timeslot array is empty. In this case, add 

the new reservation as the first node of the list of reservation (insert first). This 

addition is done in line 13. 
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2. First node of the list of reservation has   𝑒  𝑑 which is bigger than the 

incoming   𝑒  𝑑. In this case add the new reservation as the first node of the list 

of reservation (insert first). This addition is done in lines 15 and 16. 

3. The first element of the list of reservation has the same   𝑒  𝑑 with the 

incoming   𝑒  𝑑 and 𝑗𝑜𝑏 𝑑 of the first node of list of reservation is bigger than 

the incoming 𝑗𝑜𝑏 𝑑. Add the new reservation as the first component of the list of 

reservation (insert first). This addition is done in lines 18 and 19 

4. In this case the new reservation will be inserted in the middle or in the last of 

reservation. 𝑝𝑛 is a pointer to a reservation node, this pointer is used for 

traversing the list of reservation. While traversing the list of reservation there are 

three possibilities that can happen: 

a. All nodes in the reservation list have smaller   𝑒  𝑑 than the incoming 

reservation   𝑒  𝑑. In this case, add the new reservation as the last node of 

the reservation list (insert last). This addition is done in line 26. 

b. There is no node in the reservation list with the bigger   𝑒  𝑑 then the 

incoming   𝑒  𝑑. In this case add the new reservation right before the node 

which has the bigger   𝑒  𝑑 than the incoming   𝑒  𝑑. This addition is done 

in lines 28-29 

c. There is a node in the reservation list which has the same   𝑒  𝑑 with the 

incoming   𝑒  𝑑. In this case, 𝑝𝑛 traverse in among the nodes which have the 

same   𝑒  𝑑 with the incoming reservation   𝑒  𝑑. While traversing, there 

are three possibilities that can happen: 

i. It reaches the last node of reservation list which 𝑗𝑜𝑏 𝑑 is smaller 

than 𝑗𝑜𝑏 𝑑 of the incoming reservation. In this case, add the new 

reservation as the last node of the reservation list (insert last). This addition 

is done in line 34 

ii. The last node of traversal (name it 𝑙𝑛 node) has smaller 𝑗𝑜𝑏 𝑑 than the 
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incoming reservation 𝑗𝑜𝑏 𝑑. In this case, add the new reservation directly 

after node 𝑙𝑛. This addition is done in lines 36-37. 

iii. It finds the node (name it 𝑓𝑛 node) which has the 𝑗𝑜𝑏 𝑑 bigger than the 

incoming reservation 𝑗𝑜𝑏 𝑑. In this case, add the new reservation directly 

before node 𝑓𝑛. This addition is done in lines 39-40. 

Updating the free field of   𝑙𝑜  array is done by lines 42-43. 

Algorithm 4.5: Adding a reservation for MPI job 

1  Procedure allocate(userId, jobId, tes, ts, tls, te, numCN : integer) 

2  //allocate a reservation with userId, jobId, eStartTime=tes, 

lStartTime=tls, 

3  //execTime=te at ts
th
 element of the timeslot array (tslot) 

4  Dictionary : 

5  tc : integer /*finish time of the job*/ 

6  n : node /*record of reserevation*/ 

7  pn : pointer to node 

8  Algorithm : 

9  tc ← ts + te – 1 

10 n ← new node(userId, jobId, tes, tls, te, nill) 

11 

12 if (tslot[ts].p = nil) then  

13    tslot[ts].p ← n     //insert first 

14 else if (tslot[ts].p.userId > n.userId) then 

15    n.next ← tslot[ts].p  

16    tslot[ts].p ← n     //insert first 

17 else if (tslot[ts].p.userId = n.userId AND tslot[ts].p.jobId > n.jobId) 

then 

18    n.next ← tslot[ts].p 

19    tslot[ts].p ← n     //insert first    

20 else  

21    pn ← tslot[ts].p 

22    while (pn.next!=nil AND pn.next.userId < n.userId) do 

23       pn ← pn.next 

24    //here pn.userId > n.userId or pn.userId = n.user.Id or pn.next = nill 

25    if (pn.next = nil) then 

26       pn.next ← n        //insert last 

27    else if (pn.next.userId > n.userId) 

28       n.next ← pn.next   //insert new userId 

29       pn.next ← n 

30    else //the same userId is found or pn.next.userId = n.user.id  

31       while(pn.next!=nil AND pn.next.userId=n.userId AND 

pn.next.jobId<n.jobId) do 

32          pn ← pn.next 

33       if(pn.next = nil) then 

34          pn.next ← n    //insert last 

35       else if(pn.next.userId != n.userId) then 

36          n.next ← pn.next   //insert last for old userId 
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37          pn.next ← n 

38       else if (pn.next.jobId > n.jobId) then 

39          n.next ← pn.next 

40          pn.next ← n    //insert old userId   

41 

42 for(int i=ts; i<=tc; i++) 

43    tslot[i].free ← tslot[i].free -numCN  //update a free node 

4.3.2.3 Deleting an MPI Job 

Deleting an existing reservation is shown in Algorithm 4.6. Definition of variables is 

explained in lines 4-6. Lines 8 and 9 initialize the variables. In deleting the existing 

reservation there are two possible cases that can happen: 

3. The first node of reservation list at   
   element of timeslot array has the 

same   𝑒  𝑑 and 𝑗𝑜𝑏 𝑑 with the node that will be deleted. In this case 

delete the first node (delete first). This is done in lines 11 and 12. 

4. Traverse the reservation list at   
   element of timeslot array until finding 

the node (name it 𝑑𝑛) which has the same   𝑒  𝑑 and 𝑗𝑜𝑏 𝑑 with the node 

that will be deleted.  In this case delete the 𝑑𝑛 node. This is done in lines 

16-18.  

Updating the free field of   𝑙𝑜  array is done by lines 20-21. 

Algorithm 4.6: Deleting a reservation for MPI job 

1  Procedure delete(userId, jobId, ts, numCN : integer) 

2  //delete a reservation with userId, jobId    

3  Dictionary : 

4  tc : integer /*finish time of the job*/ 

5  pn : pointer to node 

6  pdel : pointer to node 

7  Algorithm : 

8  tc ← ts + te – 1 

9  pn ← tslot[ts].p 

10 if(pn.userId = userId AND pn.jobId = job.Id) //delete first 

11    tslot[ts].p = pn.next 

12    delete pn //delete pn from memory 

13 while (pn.next.userId != userId OR pn.next.jobId != jobId) do 

14     pn ← pn.next 

15  

16 pdel ← pn.next 

17 pn.next ← pdel.next 

18 delete pdel  

19 
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20 for(int i=ts; i<=tc; i++) 

21    tslot[i].free ← tslot[i].free -numCN  //update a free node 

 

 

4.3.3 Complexity Analysis 

The efficiency of the algorithm can be used to determine the best algorithm to solve 

the problem among several algorithms. The efficiency of the algorithm can be 

measured by the execution time (time needed) of the algorithm and space needed by 

the algorithm (empirical approach). Measuring the time needed of the algorithm by 

counting the real time consumption (in second) is not the correct way because of two 

reasons: first, every computer with different architecture has different machine 

language, hence time for each operation between different computers is not the same. 

Second, Different compiler for language programming has different machine code, 

hence every operation between different compilers is not the same. 

Table 4.3: Time asymptotic complexity 

Algorithm Time complexity 

Search Complexity for parametric 

job  
         

Add Complexity for parametric job   𝑛      

Delete Complexity for parametric 

job 
  𝑛      

Search Complexity for MPI job           

Add Complexity for MPI job   𝑛      

Delete Complexity for MPI job   𝑛      

 

Abstract model for measuring time/space must be independent from any 

computers or any compiler. Measurement used to explain the abstract model for 

measuring the time/space complexity is algorithm complexity. Time complexity   𝑛  

is the number of steps taken in the algorithm as a function of the input size (𝑛).  Space 
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complexity 𝑆 𝑛  is the amount of space used in the algorithm as a function of the input 

size (𝑛). The “Big O” notation is used for time asymptotic complexity, and   𝑛  is an 

asymptotic upper-bound for   𝑛 .  

Our proposed data structure has time asymptotic complexity as depicted in 

Table 4.3. where    is execution time,    is the relax time (the earliest start time – the 

latest start time) and 𝑛 is the number of reservation in the list in for each timeslot.  

4.4 Discussion 

In this chapter we have discussed our proposed data structure for our advance planning 

and reservation scheduling strategy namely FCFS-EDS. We have given the example 

how this data structure can store the advance reservation. Algorithm for searching for 

a free slot, adding and deleting reservation for parametric and MPI job have also been 

presented here. Finally we also have presented the algorithm complexity of those 

proposed algorithm.  
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5 Revenue Management System 

 

In this chapter we discuss about revenue management system.  The goal of Revenue 

Management System is to maximize the revenue. Revenue management strategy can 

be done by doing market segmentation and price discrimination. We will show that 

revenue management is suitable for increasing revenue of resource provider in grid 

system, as computing powers can be considered non-renewable (expiry nature), has a 

fixed amount of capacity and a price-sensitive customer can be segmented. 

5.1 Introduction 

In grid system, the resource owners (producer) and resource users (consumers) have 

different objectives, strategies, and supply-and-demand patterns. Resource owners and 

resource users are geographically distributed in different time zones. The most 

commonly used approaches for managing such complex environments are driven by 

system-centric and user-centric policies [42]. System centric is a traditional approach 

for a resource management that attempts to optimize system-wide measure of 

performance. Also system centric is usually used in managing resources in single 

administrative domains. On the other hand, User-centric approaches focus on 

delivering maximum utility of the resources to the users based on their QoS 

requirements, i.e., an assurance of performance based on the criteria that the user 

thinks important such as the deadline by which his jobs have to be completed. 

Implementing QoS requires a system of rewards and penalties and, hence, typically a 

user-centric approach is driven by economic principles. 
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 Several studies [43] [44] [45] [53] [58] [59] [63] [65] [87] have been done to 

improve scheduling and handling of reservations in grid local resource manager using 

different techniques. However, a simple pricing model to determine the usage cost of 

each reservation has been provided by [43] [44] [45]. To increase incentives or profits, 

resources provider might need to deploy a more complex pricing model. 

5.2 Revenue Management System Strategy 

Revenue Management is a process, for capacity-constrained industries, where the goal 

is to maximize revenue by allocating the right product to the right customers at the 

right price. The application of Revenue Management in capacity-constrained 

industries has some common characteristics, which are necessarily required, to 

successfully apply in grid system. These characteristics are [94] [95] [96]:  

1. The product is non-renewable. We cannot store the product for future use if at a 

particular time this product is not sold. If the product is not sold then the 

product become unavailable or it ages. Example includes seat of aeroplane, and 

computing resource in grid computing. A simple way to treat this non-

renewability is by making capacity a time-dependent quantity [97]. The usage 

of computing resources on grid computing system is limited to a point of time. 

For example, a user can use computing resources from 10:00 AM to 11:00 PM. 

If the user does not consume these computing resources in this time frame, 

they are wasted as the resources are not utilized by any other user. 

2. Fixed amount capacity. We have a fixed amount capacity of product to be sold. 

Adding an additional product by buying a new one will incur high additional 

fixed costs and increasing maintenance cost. However, an increment in selling 

an additional unit of product to the customer causes only low variable costs. 

These characteristics are common for products like grid computing resource, 

where resource provider has a limited or fixed amount of computing resource. 

3. The possibility of segmenting price-sensitive customers. The common 

mechanism to segment the customer in revenue management is the time of 
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purchase. The less price sensitive customers will usually wait until the last 

minute to make a reservation. On the other hand customers who make their 

reservation early on are generally more price sensitive. If offering discount 

prices and limiting the number who can buy at a discount price is impossible, 

then the situation may not be suitable for revenue management. 

From the above characteristics, revenue management is suitable for increasing 

revenue of resource provider in grid system, as computing powers can be considered 

non-renewable, has a fixed amount of capacity and a price-sensitive customer can be 

segmented. 

5.2.1 Customers Segmentation and Price Differentiation 

In segmenting price sensitive customer, revenue management in grid system can adopt 

the way how airline industries segment their price sensitive customers. The airline 

offers their customers different price structure or classes based on when their customer 

book their flights prior to the departure time. For example, a customer that books a 

flight three weeks before the departure time can be identified as a leisure or budget 

customer. From historical data, the airline knows that, leisure customers who book 

three weeks before a departure time are more flexible to change and more price 

sensitive than business customers who book one day before a departure time. In this 

case, the airline can sell a lower price to leisure customers as compared to business 

customers for seats in a same flight.  

 Similarly, demand on grid resources consists of advance reservation and 

immediate reservation.  Customers may plan in advance to run their jobs on the Grid 

or they may request resources immediately. The resource provider can plan the 

allocation accurately and set the prices effectively, if there are more reservations 

especially in high-demand periods [98]. Reservation of resources in grid computing 

has two aspects:  Firstly, by reserving resources in advance can help in increasing the 

utilization of resources and reduce uncertainty. Secondly, with this uncertainty nature 

of the reservation, the resource providers are facing a problem, whether to accept the 

low-paying customer in advance, although a higher-paying customer could arrive later. 
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 In grid system we can classify users according their willingness-to-pay. The 

resource provider has an opportunity to exploit additional profit due to different 

valuation by customers of grid resources or varying willingness-to-pay. The resource 

provider can gain more profit by adopting Revenue Management due to more degree 

of heterogeneity of willingness-to-pay of users.  Users with high willingness to pay are 

less price sensitive, and they usually come later. Users with low willingness to pay are 

more price sensitive and usually come early to make reservations. Therefore, in grid 

computing we can classify a user into three classes [95]. First Premium users, we can 

call as class 1 users, have a highest willingness to pay for a computing resources. 

Second, Business users, we can call as class 2 users, have a moderate willingness to 

pay for a computing resources. Third, Economy users, we can call class 3 users, have 

the lowest willingness to pay for a computing resources. The resource provider can set 

prices for the same computing resource to be  𝑝    𝑝    𝑝 , where 𝑝  denotes the 

price paid by the class 1 users,  𝑝  denotes the price paid by the class 2 users, and 𝑝  

denotes the price paid by the class users. This practice is commonly known in the 

economics literature as price differentiation or discrimination [99]. 

5.2.2 Capacity Allocation 

Capacity allocation is the problem of determining how many computing resources to 

allocate to price sensitive users (discount-price users) to book/reserve computing 

resources when there is a possibility of future less price sensitive users (full-price) 

demand. Capacity allocation is an issue for grid computing industry that has the 

opportunity to restrict the early discount-price booking/reservation in order to reserve 

computing resource capacity for later full-price reservation. If too many computing 

resources are allocated to lower-class, we may lose a chance to earn more revenue 

from accepting future booking/reservation from higher-class users. On the contrary, an 

insufficient quota for the lower-class users, may lead to lower revenue. Thus, finding 

an appropriate capacity allocation to each user class at different time periods is an 

important factor in revenue management. 
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5.2.2.1 Two Classes Capacity Allocation Problem 

In two class capacity allocation problem, resource provider with fixed capacity of 

resources has two classes of customers: discount-price customers who reserve early 

and full-price customers who reserve later. Discount-price customers each pay a 

price 𝑝    , and full-price customers each pay a higher price 𝑝 , where 𝑝  𝑝 . The 

two class capacity allocation problem is: How many discount-price customers (if any) 

should we allow to reserve? Or, Equivalently: How many computing resources should 

we protect for full-price customers [46]? 

 A protection level specifies an amount of capacity to reserve (protect) for a 

particular class. A booking limit is the maximum number of computing resources that 

may be reserved at each price class. If protection level for full-price demand is 

demotes by  , and booking limit for discount-price customer is denoted by 𝑏, then 

  𝑏   , where C is equal to capacity of resources. If we set the discount booking 

limit too low, we will reject discount-price customers but the full-price customers are 

not enough to reserve all resource capacity. This is called spoilage, since computing 

resource becomes spoiled by rejecting discount-price customers. On the other hand, if 

we allow too many discount-price customers to reserve, we have a risk of rejecting 

full-price customers which give us more profit. This scenario is called dilution, where 

we dilute the revenue we can have from saving an additional computing resources for 

a high-price customers. The challenge of capacity allocation is to balance the risks of 

spoilage and dilution to maximize the revenue. 

       is the probability that full-price demand, that is less than or equal to x 

and       is the probability that discount-price demand is less or equal to  . 𝑑  is full-

price demand and 𝑑  is discount-price demand. Assume that we have currently set a 

booking limit for discount-price user to 𝑏    and all 𝑏    computing resources have 

been reserved by discount-price customer. The computing resource capacity is   , as 

depicted in Figure 5.1. From Figure 5.1, we already have revenue of   computing 

resource with discount price 𝑝 .  
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Figure 5.1: We have 20 computing resources and we have set booking limit to b-1=9 

 If discount-price reservation comes to reserve 𝑏   computing resources, do we 

have to accept it or reject it. If we accept it, it means that we increased discount 

booking limit from  𝑏    to 𝑏. The decision we face is whether or not to increase the 

booking limit by one computing resource (from 𝑏    to 𝑏) or equivalently to reduce 

protection level by one computing resource. What would be the change in expected 

revenue if we increase the booking limit from 𝑏    to 𝑏?  If we increase booking 

limit for discount-price customer/demand  𝑑   from 𝑏    to 𝑏 then there are several 

probabilities will happen: 

 If discount-price customer/demand (𝑑 ) is less than or equal to 𝑏    (𝑑   

 𝑏   ), there is no effect in revenue. The probability that this event might 

happen is    𝑏      

 If discount-price customer/demand  𝑑   is greater than 𝑏     𝑑   𝑏    , 

(the probability that this event might happen is         𝑏     , then we have 

to see the full-price customer/demand  𝑑   

o If full-price customer/demand is less or equal to   𝑏  𝑑      –  𝑏 , 

we gain revenue 𝑝  as discount-price customer/demand reserve 

computing resource number   . The probability of this event to happen 

is       𝑏  

o If full-price customer/demand is greater than     𝑏  𝑑      –  𝑏 , we 

lose revenue of 𝑝  because we because we give computing resource 

number     to discount-price demand, and we gain 𝑝 . Overall we lose 

𝑝  𝑝   or we gain 𝑝  𝑝 . The probability of this event to happen is 

        𝑏   
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Figure 5.2: Decision Tree of two-class capacity allocation problem 

The scenario above is depicted in Figure 5.2. The expected change in revenue 

(  ) from changing b-1 to b is the probability-weighted sum of possibilities above 

       𝑏         [     𝑏    ]        𝑏  𝑝            𝑏    𝑝 

 𝑝    

         𝑏           𝑏  𝑝            𝑏   𝑝          𝑏  

 𝑝   

         𝑏            𝑏           𝑏   𝑝          𝑏   𝑝   

         𝑏     {𝑝  (       𝑏 )  𝑝 }                                             

We can see that revenue change is not related to [     𝑏    ] because this 

value is always positive. So the key is  𝑝          𝑏   𝑝 , if it is positive we 

should increase the booking limit to 𝑏, if it is negative we should not increase the 

booking limit to 𝑏. As aforementioned above that the challenge of capacity allocation 

is to balance the risks of spoilage and dilution to maximize the revenue what we have 

mention, which means that the expected change revenue is zero. So we have  

𝑝  (       𝑏 )  𝑝    

       𝑏  
𝑝 

𝑝 
 

     𝑏    
𝑝 

𝑝 
                                                                  

 

  𝑏    , is the protection level for full-price customer. A protection level 

specifies an amount of capacity to reserve (protect) for a particular class.  
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Littlewood's rule [100] states that, in a two-price environment, discount-price 

bookings should be accepted as long as their value exceeds that of 

anticipated/expected full-price bookings. Brumelle et al. [101] translated that rule as: 

Suppose that we have   units of capacity of computing resource remaining and we 

receive a request from discount-price customer (class 2). If we accept request from 

discount-price customer (class 2) we will have revenue 𝑝 . If we reject request from 

discount-price customer (class 2) we will have revenue 𝑝      𝑑    .   𝑑     is 

the probability that full-price demand is greater than  . So we accept request from 

discount-price customer (class 2) if 𝑝    𝑝    𝑑    . If a continuous distribution 

      is used to model demand, then the optimal protection level   is 

𝑝   𝑝    𝑑     

𝑝   𝑝  [    𝑑    ] 

𝑝   𝑝  𝑝    𝑑     

𝑝    𝑑      𝑝  𝑝  

   𝑑     
𝑝  𝑝 

𝑝 
 

    
  (

𝑝  𝑝 

𝑝 
) 

         (
𝑝  𝑝 

𝑝 
)                                                   

 

Where   
   refers to the inverse cumulative distribution function of full-price 

customer/demand,   refers to mean of full-price customer/demand,   refers to standard 

deviation of full-price customer/demand, and     refers to the inverse standard 

normal cumulative distribution function. At the point where          (
     

  
), 

the risk of spoilage and dilution is exactly balanced. We know that we cannot sell our 

computing resource more than the computing capacity  , in this case protection level 

for full-price customers is  

     [       (
𝑝  𝑝 

𝑝 
)   ]                                                  
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Booking limit for discount-price customer is  𝑏     , which means that 

after 𝑏 computing resources has been reserved by discount-price customers, the 

discount-price is closed. If the next incoming reservation request is discount-price 

customer, reject this incoming reservation.   

5.2.2.2 n Classes Capacity Allocation Problem (Heuristics approach) 

 
Figure 5.3: The relationship between booking limit and protection level 

 

Airline industries are prolific price differentiators, often offering tens classes on a 

flight [46], but in grid computing, we can have two or three class capacity allocation 

problem [95]. In three class capacity allocation problem we have class 1, called as 

premium user, class 2, called as business user, and class 3, called as economy user. 

Booking limit for this 3 class user is always 𝑏  𝑏  𝑏 , where 𝑏  is a booking limit 

for class 3 customers, and so on. 𝑏  is always the same as capacity of resource 

computing  . Protection level for 3 class user is always              is always the 
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same as capacity of resource computing  . The relation between these booking limit 

and protection level is depicted in Figure 5.3. 

From Figure 5.3 we have 20 computing resources or equivalently      and 

we can derive 4 equations which are: 

  𝑏  

  𝑏     

  𝑏     

     

For 𝑛 class capacity allocation problem we have: 

  𝑏  

  𝑏     

  𝑏                                                                  

                                                                         

One can compute booking limit for 𝑛 class capacity allocation problem with a 

heuristic approach with three reasons [102]. First is that simply a case of practice 

being one step ahead of the underlying theory. Second, heuristics are widely used 

because they are simpler to code, quicker to run, and generate revenues that in many 

cases are close to optimal. Third, reflecting the philosophy that it is better to be 

“approximately right” than it is to be “precisely wrong.”  

 Belobaba [103] [104] has introduced heuristic approach to calculate booking 

limit for n class capacity allocation problem, namely Expected Marginal Seat Revenue 

(EMSR). EMSR comes in two flavors: EMSR-a and EMSR-b. Both are based on 

approximating 𝑛 class capacity allocation problem by a series of two class capacity 

allocation problems and applying Littlewoods rule to get the solution. 

 EMSR-a (Expected Marginal Seat Revenue version a) is based on the idea of 

calculating protection levels for each of the higher classes relative to the current class 

using Littlewood’s rule. The protection level of higher class is the summation of all 
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protection levels of each higher class relative to the current class. For example, if we 

are in class 𝑘   , EMSR-a would calculate a protection level for class 𝑘 relative to 

class 𝑘    (denoted by    
   ) using Littlewood’s rule, then calculate a protection 

level for class 𝑘    relative to class 𝑘    (denoted by     
   ) using Littlewood’s 

rule, and so on, and finally calculate protection level for class 1 relative to class 𝑘    

(denoted by   
   ) using Littlewood’s rule. Protection level of class k relative to class 

𝑘    is calculated as follows: 

  
       

    
𝑝  𝑝   

𝑝 
  

  
           

  ( 
𝑝  𝑝   

𝑝 
)                                               

where   
   refers to the inverse normal cumulative distribution function of class 𝑘 

demand,    refers to mean of class 𝑘 demand,    refers to standard deviation of class 

𝑘 demand, and     refers to inverse standard normal cumulative distribution function. 

Then protection level of class 𝑘 is the summation of protection level of class 𝑘 and 

higher relative to class 𝑘    as shown below  

   ∑  
                                                                                           

 

   

 

Refer to equation 5 and 6, booking limit for class 𝑘    is 

 

 𝑏                                                                                                  

 

where      is the capacity C if 𝑘    is the lowest class. 

 EMSR-b (Expected Marginal Seat Revenue version b) assumes that a customer 

displaced by an additional booking would be paying a price equal to a weighted 

average of future price. EMSR-b creates an artificial class with demand equals to the 

sum of the demands for all the future periods, price equals to the average expected 

price from future booking and standard deviation equals to the square root of the 
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summation of standard deviation square of all future booking. Then use Littlewood’s 

rule to calculate the booking limit of the current class 𝑘 with respect to the artificial 

class.  

 Assume that demands in all classes follow normal distribution. One can 

calculate booking limit of class 𝑘    that has a price 𝑝    by creating a virtual class 

with mean demand   , price 𝑝, and standard deviation   given by 

  ∑   

 

   

                                                                          

  ∑       

 

   

                                                                      

  √∑   
 

 

   

                                                                       

One can use Littlewood’s rule for normal distribution to calculate booking 

limit for class 𝑘    and protection level for artificial class is  

      [       (  
𝑝   

𝑝
)       ]                                                

where       is equal to   if 𝑘    is the lowest class. Booking limit for class 𝑘    can 

be calculated as  

𝑏                                                                                   

where       is equal to   if 𝑘    is the lowest class. 

 Belobaba [104] in their experiment compared the revenue performance 

between EMSR-a, EMSR-b and the optimal revenue. The result showed that EMSR-b 

was consistently within 0.5% of the optimal revenue, while EMSR-a in some cases fall 

into 1.5% of the optimal revenue. Tallury et al. [105] ran a series of simulations 

comparing the performance of EMSR-b, EMSR-a and optimal revenue flight with 
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modified instance of the data reported by Wolmer [106]. Their result of the simulation 

showed that performance of EMSR-b is better than EMSR-a, however both strategies 

performed within 1% of the optimal revenue.  

5.3 Revenue Management System for Grid System  

 

Figure 5.4: Booking periods for class 3, class2 and class 1 users 

Sulistio et al. [107] [108] has incorporated the revenue management system in grid 

system. They use EMSR-a to calculate the booking limit and they also implemented 

the over booking. In our approach we use EMSR-b to calculate the booking limit 

because the performance of EMSR-b is better than EMSR-a [105]. We don’t use over 

booking because we believe that it is impossible to implement it. We can use revenue 

management system in grid computing for 𝑛 classes of users, but in our experiment we 

use three classes of users. In this case we will have three class users, i.e. class 1 is 

premium user with price 𝑝 , class 2 is business user with price 𝑝  and class 3 is budget 

user with price 𝑝 . Figure 5.4 shows the booking period for class 3 users, class 2 users 

and class 1 users. According to market segmentation and price discrimination, 

administrator sets 𝑝  𝑝  𝑝 . Initial booking limit is initialized as; 𝑏  is booking 

limit for user class 3 users, 𝑏  is booking limit for a user class 2 users and 𝑏  is 

booking limit for class 1 users as depicted in Figure 5.5. Capacity of computing 

resource is also initialized as  𝑎   . EMSR-b [104] is used to update initial booking 

limit in a particular time intervals.  
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Figure 5.5: Booking limits for class 3, class2 and class 1 users 

 

Figure 5.6: Revenue Management Module 

 Components inside Revenue Management Module are depicted in Figure 5.6. 

These components are, booking module, forecasting module, and optimization 

module. 

1. Booking Module. 

 Upon receiving reservation from Planning Module, Booking Module 

determines the class of the incoming reservation according to its booking period. If 

the reservation comes from class 3 user, then booking module decides whether this 

reservation is accepted or rejected according to its booking limit. If booking limit 

of its respective class is less than compute node needed, then “REJECTED” status 

for this reservation is communicated to Planning Module. We reject this 

reservation to accommodate future booking for higher class which in turn 

generates increase in revenue. If booking limit of its respective class is greater or 

equal to compute nodes needed by the reservation then status “CONFIRMED” is 

communicated to Planning Module, and initial booking limits of its respective 

class (𝑏 ) and all higher class (𝑏  and 𝑏   are updated, because of nesting booking 



91 

 

limit nature shown in Figure 5.5. Revenue Management Module upon confirming a 

reservation calculates the price, and updates revenue collected. 

2. Forecasting Module. 

 Upon sending status “CONFIRMED” to Planning Module, Booking module 

send the class, compute nodes needed, start time and finish time of the reservation 

to Forecasting Module. Upon sending status “REJECTED” to Planning Module, 

Booking module send the class, compute node needed, earliest start time and 

execution time of the reservation to Forecasting Module. Forecasting Module 

records those data to generate forecasts for all user class. The forecasts generated 

by Forecasting Module are probabilistic, that is, it predicts both a mean and a 

standard deviation for future demand 

3. Optimization Module.  

  The probabilistic forecasts are the input used by the “Optimization” module to 

update the initial booking limits. Initial booking limits are calculated by estimating 

the economic trade-off between accepting more discount bookings now versus 

having more capacity available to serve future bookings.  We use EMSR-b [104] 

to calculate the initial booking limits for a given forecast. 

 

Algorithm for updating initial booking limit for three class capacity allocations using 

EMSR-b can be seen below. Means and standard deviations of the first two classes as 

well as prices of all the three classes are given as input to the algorithm. Booking 

limits on reservations for the three classes are obtained as output for the algorithm.   

Algorithm of updating booking limit is depicted in Algorithm 5.1 and 

explained as follows: Let us assume that    is a protection level for class 1,    is 

protection level of class 2, and    is protection level for class 3.   𝑙𝑎   is a virtual 

class and 𝑐 is capacity. Declaration of those variables is done in lines 12-21.  
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First we set the protection level of    to capacity of class 3 (line 25). Mean, 

standard deviation, and price of virtual class (  𝑙𝑎  ) are calculated in the lines 26-28. 

Littlewood’s rule is applied on class 3 and   𝑙𝑎   to calculate    (lines 29 – 33). 

𝑖𝑛 𝑒  𝑆𝑐𝑑𝑓    is a function that gives inverse standard normal cumulative 

distribution function of given input  . To calculate   , we set members of virtual Class 

(  𝑙𝑎  ) to mean, standard deviation and price of class 1 (lines 35-37).    is similarly 

calculated using Littlewood’s rule on class 2 and   𝑙𝑎   with the corresponding 

capacity (lines 38-42). In the last step, 𝑏 , 𝑏  and 𝑏  are calculated ( liness 44-46). 

 

Algorithm 5.1: Update Booking Limit 
1  procedure UpdateBL(Input:m1, m2, s1, s2 : real, p1, p2, p3, maxCN :integer 

2                     Output: b1, b2; b3 : integer) 

3  /*Updating the booking limit of 3 class capacity allocation, with inputs  

4  are: m1 is mean of class 1, m2 is mean of class 2,  

5  s1 is standard deviation of class 1, s2 is standard 

6  deviation of class 2, p1 is price of class 1, p2 is  

7  price of class 2, p3 is price of class 3. Outputs 

8  are: b1 is booking limit for class 1, b2 is booking limit for 

9  class 2, b3 is booking limit for class 3*/ 

10  

11 Dictionary :  

12 y1 : integer //protection level for class one reservation 

13 y2 : integer //protection level for class two reservation 

14 y3 : integer //protection level for class three reservation 

15 type BookingClass : <m : real //mean  

16                      s : real //standard deviation 

17        p : integer //price 

18              > 

19 vClass : BookingClass //virtual class 

20 c : integer           //capacity  

21 temp: integer             

22 

23 Algorithm : 

24 c ← maxCN            

25 y3 ← c 

26 vClass.m ← m1+m2; 

27 vClass.s ← sqrt(s1*s1+s2*s2) 

28 vClass.p ← (m1*p1+m2*p2)/(m1+m2) 

29 temp ← (integer) vClass.m+vClass.s*inversScdf(1-(p3/vClass.p)) 

30 if (temp>y3) then 

31    y2 ← y3; 

32 else  

33    y2 ← temp 

34    

35 vClass.m ← m1 

36 vClass.s ← s1 

37 vClass.p ← p1 

38 temp ← (integer) vClass.m+vClass.s*inversScdf(1-(p2/vClass.p)) 

39 if (temp>y2) then 

40    y1 ← y2 

41 else  

42    y1 ← temp 

43    
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44 b1 ← c 

45 b2 ← y2 - y1 

46 b3 ← y3 - y2 

 

5.4 Example 

To explain how to update initial booking limit works we introduce an example. We 

have 𝑚𝑎    compute node (logical view). Let 𝑚𝑎    is equal to 40 as logical nodes 

and we also have three classes user. Price and initial booking limit is depicted in Table 

5.1. For example the given initial booking limit and the price for class 1 users in Table 

5.1 implies the following “Class 1 users has initial booking limit 40 compute nodes 

and the price for them is Rs. 100,-“.  

 

Table 5.1: Initial Booking Limit and Price for three classes user 

Users 
Initial booking 

limit ( ) 
Price (Rs) 

Class 1 40 100 

Class 2 35 60 

Class 3 30 40 

 

Table 5.2: Mean and standar deviation 

Users Mean ( ) 

Standard 

Deviation 

( ) 

Class 1 10 1.5 

Class 2 13 1.7 

Class 3 20 2.3 

 

Mean and standard deviation of class 1 and class two users is depicted in Table 

5.2. For example the given initial booking limit and the price for class 1 users in Table 
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5.2 implies the following “For Class 1 users mean and standard deviation are 10 and 

1.5 respectively” 

Updating the initial booking limit can be done as follows: 

1. In order to update the initial booking limit for class 3 users we have to 

create virtual class for higher classes i.e.   𝑙𝑎   with mean ( ), standard 

deviation ( ) and price (𝑝) as follows (derived from equation 10, 11 and 

12): 

  ∑   

 

   

            

  ∑       

 

   

    
      

  
 

     

  
                 

  √∑   
 

 

   

   √                     

 

2. Apply Littlewood's rule to class 3 and   𝑙𝑎   to obtain protection level for 

  𝑙𝑎   (    derived from equation 4). 

      [       (
𝑝  𝑝 

𝑝
)   ] 

      [⌊                 (
              

           
)⌋    ] 

      [      ] 

      

3. Apply Littlewood's rule to class 2 and class 1 and the capacity is equal to 

        (since   is protection level for class 1 and 2).  
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      [       
  (

𝑝  𝑝 

𝑝 
)   ] 

      [⌊          (
      

   
)⌋    ] 

      [    ] 

     

4. Calculate initial booking limit as for class 3 user (𝑏 ) follows: 

𝑏                 

5. Calculate initial booking limit for class 2 user (𝑏 ) as follows: 

𝑏                

6. 𝑏  and    are all the same as capacity of the compute node i.e 𝑏     and 

     .  

After updating the initial booking limit we have a new booking limit for each 

class user as depicted in Table 5.3. 

 

Table 5.3: Booking limit before and after update 

 Before update After update 

         

         

   30    

 

 

5.5 Discussion  

In this chapter we have discussed about revenue management system. Revenue 

management strategy can be done by doing market segmentation and price 
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discrimination. According to market segmentation and price discrimination we can 

calculate capacity allocation for each class user. In this chapter we also discussed the 

detail components inside the Revenue Management Model. We also have presented 

the algorithm to update the initial booking limit using EMSR-b method. 
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6 A New Grid System Architecture: 

Experiments and Results 

 

 

This chapter proposes architecture of our work as a complete system. It shows the 

interaction between different components in the model to perform the proposed 

advance reservation scheduling strategy (FCFS-EDS) by incorporating revenue 

management. To demonstrate the efficacy of the proposed FCFS-EDS strategy, the 

data structure, revenue management etc. a novel simulator has been designed and 

implemented. This simulator has a potential to accommodate reservation for both 

Parametric as well as MPI job types. The software needed for this simulator is Eclipse 

SDK 3.5.0 Galileo, with java programming language and the hardware needed is 

laptop with processor Intel Pentium M Processor 1.73 GHz with 512MB RAM and 80 

GB Hard disk drive. The chapter concludes with experimental results. 

6.1 A Proposed Architecture 

Our proposed architecture as a complete system, depicted in Figure 6.1, shows 

interaction between relevant components in the model. Components which are 

involved in this model are: Administrator, User, Planning and Reservation Module, 

Resource Allocation, and Revenue Model. 

a. Administrator sets the initial conditions for the model, and prepares reports.  

b. User submits the job and its description.  
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c. Planning Module schedules the incoming job from the user using FCFS-EDS 

scheduling strategy.  

d. Revenue Management Module decides whether request from a user is to be 

accepted or rejected even if there are computing nodes (resources) available for 

the job. This requirement stems from anticipated future booking for higher 

class of jobs which could pay more.  

e. Reservation Module maps the user job to required physical resource nodes, 

using our proposed FCFS-EDS’s lemma. 

 

Figure 6.1: An architecture for Advance Planning, Reservation and Revenue 

Management System 
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The explanation of interaction between these components is now explained below: 

STEP-1 (Initialization) 

Administrator does initialization for “Planning” and “Revenue Management” 

Modules. In “Planning” Module, Administrator specifies the scheduling strategy 

(FCFS-EDS) and defines parameters for the job submission like: earliest start time, 

latest start time, duration of the job,   𝑒  𝑑 and 𝑗𝑜𝑏 𝑑, number of compute nodes 

needed and capacity of computing resources. In “Revenue Management” Module the 

Administrator initializes the number of user classes and initializes capacity allocations 

(initial booking limit) for those users. It also initializes prices and method used for 

updating initial booking limits for each user class. Periodically generates reports as 

needed based on initialization. 

STEP-2 (Job Submission Interface) 

User defines parameters for Job Submission. The parameters are:   𝑒  𝑑, 𝑗𝑜𝑏 𝑑, 

earliest start time, latest start time, duration of the job, and number of compute nodes 

needed. User sends the job profile to “Planning” Module. 

STEP-3 (Planning) 

In the “Planning” Module, jobs received are processed to see if jobs can be accepted 

based on the description (parameters). If accepted, submitted job details are sent to 

“Revenue Management” Module else user is notified “REJECTED” status for the job 

because adequate resources (compute nodes) are not available. The job is also deleted 

from the list. On receiving status from “Revenue Management” Module do the 

following actions: 

 If “CONFIRM” status received from STEP-4 then “CONFIRMED” 

notification is sent to user. 

 If “REJECT” status received from STEP-4 then “REJECTED” notification is 

sent to user. The job is also deleted from the list. 
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STEP-4 (Revenue Optimizing) 

“Revenue Management” Module upon receiving job profile from STEP-3sets the class 

of user job (i.e. class j user), if booking limit of its respective class is less than 

compute node needed, then “REJECT” status for a job is communicated to STEP-3. 

“Revenue Management” Module rejects this job to accommodate future booking for 

higher class which in turn generate increase revenue. If booking limit of its respective 

class is greater or equal to compute node needed by the job then status “CONFIRM” is 

communicated to STEP-3, and booking limits are updated. “Revenue Management” 

Module upon confirming a job calculates the price, and updates revenue collected. 

STEP-5 (Binding Process) 

Here in “Reservation” Module, confirmed job in STEP-3 are scheduled on required 

physical resources. According to the proposed FCFS-EDS’s lemma, “Reservation” 

Module will always find resources for jobs which are scheduled in logical view, and 

then “Reservation” Module executes the job on the actual compute nodes. 

STEP-6 (Report Generation) 

Report Module generates Revenue Report, as required/defined by the Administrator. 

Example: window of size one hour. 

6.2 Work Load Generator 

In order to examine the performance of our proposed advance planning and reservation 

scheduling strategy, FCFS-EDS, we have developed a workload generator. The output 

of the workload generator is the input of our proposed advance planning and 

reservation scheduling FCFS-EDS. In order to generate the workload, we have to 

specify the characteristic of the workload. Characteristic of the workload that we have 

to specify are: 

1. The rate of the incoming reservation in each time slot. This rate of incoming 

reservation follows a Poisson distribution. 
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2. The range of execution time (  ) of each reservation. For example the range of 

execution time can be 3 time slots to 20 time slots. These execution times are 

uniformly distributed. 

3. The range of book ahead or the earliest start time (   ) of each reservation. For 

example the range of book ahead or the earliest start time can be 0 time slots to 

24 time slots. These book aheads or earliest start times are uniformly 

distributed. 

4. Percentage of the flexible advance reservation. These flexible advance 

reservations are selected randomly. 

5. The range of relax time (  ) for each flexible advance reservation. For example 

the relax time can be the number between 1 to 12 time slots. These relax times 

of flexible advance reservation is uniformly distributed.         

6. The range of the number of compute node needed. For example the number of 

compute node needed is between 1 to 5 compute nodes. These numbers of 

compute node needed are uniformly distributed. 

6.3 Experiments and Results 

This chapter then presents following experiments that have been done.  

 Initially we have done the experiments regarding our proposed advance 

planning and reservation scheduling strategy, FCFS-EDS. These experiments 

deal with two parts: parametric jobs and MPI Jobs. In each part, we compare 

the utilization ratio with the existing advance reservation strategy which is not 

using advance planning and reservation.  

 Next, we have done the experiments for the proposed revenue management 

which is incorporated in our advance planning and reservation strategy, FCFS-

EDS. We compare the collected revenue of our FCFS-EDS advance planning 

and reservation strategy with and without incorporating revenue management 

system. These experiments again comprise of two parts, i.e. FCFS-EDS, 
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advance planning and reservation strategy for parametric job and FCFS-EDS, 

advance planning and reservation strategy for MPI job. 

6.4 FCFS-EDS for parametric job 

We have done eight experiments on our proposed advance planning and reservation 

scheduling strategy FCFS-EDS for parametric job. The workload or user requests 

(partly influenced by [107]) of these experiments have these characteristics:  

a. The rate of incoming reservation requests are assumed to follow poison 

distribution with mean as depicted in Table 6.1. 

b. Execution time (  ) for reservation requests are between 5 to 48 timeslots 

distributed uniformly.  

c. Earlier starting time (   ) for reservation requests are between 0 to 48 timeslots, 

distributed uniformly.  

d. Percentage of user request that are for flexible advance reservation, as depicted 

in Table 6.1 (selected randomly).  

e. Relax time (  ) for reservation requests are between 1 to 24 timeslots distributed 

uniformly and            

f. In the experiment it is assumed that a time slot is equal to 5 minutes (clock 

time).  

We compare the performance of the proposed method (FCFE-EDS with 

advance planning) and an existing approach (flexible advance reservation strategy 

without advance planning). With above inputs and total number of compute node is 30 

(𝑚𝑎      ), the utilization factors of both strategies are measured. For those eight 

experiments (Table 6.1), the comparisons of resource utilizations of both strategies are 

shown in Figure 6.2 to Figure 6.9. Percentage of utilization factor is calculated within 

sliding window of size 12 time slots (1 hour).  Figure 6.2 to Figure 6.9 show that 
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FCFS-EDS yields better utilization than the traditional strategy (without advance 

planning). 

Table 6.1: Experiments for parametric job 

No Rate Percentage (%) 

1 2 25 

2 2 50 

3 2 75 

4 2 100 

5 3 25 

6 3 50 

7 3 75 

8 3 100 

 

 

 

Figure 6.2: Comparison of percentage of utilization factor between scheduling with 

Advance Planning (FCFS – EDS) and flexible advance reservation without Advance 

Planning for parametric job (experiment #1) 
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Figure 6.3: Comparison of percentage of utilization factor between scheduling with 

Advance Planning (FCFS – EDS) and flexible advance reservation without Advance 

Planning for parametric job (experiment #2) 

 

 

Figure 6.4: Comparison of percentage of utilization factor between scheduling with 

Advance Planning (FCFS – EDS) and flexible advance reservation without Advance 

Planning for parametric job (experiment #3) 
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Figure 6.5: Comparison of percentage of utilization factor between scheduling with 

Advance Planning (FCFS – EDS) and flexible advance reservation without Advance 

Planning for parametric job (experiment #4) 

 

 

Figure 6.6: Comparison of percentage of utilization factor between scheduling with 

Advance Planning (FCFS – EDS) and flexible advance reservation without Advance 

Planning for parametric job (experiment #5) 
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Figure 6.7: Comparison of percentage of utilization factor between scheduling with 

Advance Planning (FCFS – EDS) and flexible advance reservation without Advance 

Planning for parametric job (experiment #6) 

 

 

Figure 6.8: Comparison of percentage of utilization factor between scheduling with 

Advance Planning (FCFS – EDS) and flexible advance reservation without Advance 

Planning for parametric job (experiment #7) 
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Figure 6.9: Comparison of percentage of utilization factor between scheduling with 

Advance Planning (FCFS – EDS) and flexible advance reservation without Advance 

Planning for parametric job (experiment #8) 

 

6.5 FCFS-EDS for MPI job 

We have done the experiment for our proposed advance planning and reservation 

scheduling strategy FCFS-EDS for parametric job. The workload or user requests 

(partly influenced by [107]) of this experiment have these characteristics: 

a. The rate of incoming reservation requests are assumed to follow poison 

distribution with mean as depicted in Table 6.2. 

b. Execution time (  ) for reservation requests are between 5 to 15 timeslots 

distributed uniformly. 

c. Earliest starting time (   ) for reservation requests are between 0 to 24 

timeslots, distributed uniformly. 

d. Percentage of user request that are for flexible advance reservation is depicted 

in Table 6.2 (selected randomly). 

e. Relax time (  ) for reservation requests are between 1 to 12 timeslots 

distributed uniformly and               
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f. Number of compute node needed (𝑛 𝑚  ) is between 1 to 5 compute nodes 

and distributed uniformly. 

g. In the experiment it is assumed that a time slot is equal to 5 minutes (clock 

time). 

Table 6.2: Experiments for MPI job 

No Rate Percentage (%) 

       

       

       

  2     

       

       

       

        

 

We compare the performance of our method (FCFS-EDS with logical view) and one 

with only physical view. With above inputs and total number of compute node is 30 

(𝑚𝑎      ), the utilization factors of both strategies are measured. For those eight 

experiments (Table 6.2), the comparisons of resource utilization of both strategies are 

shown in Figure 6.10 to Figure 6.17. Percentage of utilization factor is calculated 

within sliding window of size 12 time slots (1 hour).  Figure 6.10 to Figure 6.17 show 

that FCFS-EDS yields better utilization than the traditional strategy (without advance 

planning). 
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Figure 6.10: Comparison of percentage of utilization factor between scheduling with 

Advance Planning (FCFS – EDS) and flexible advance reservation without Advance 

Planning for MPI job. (Experiment #1) 

 

 
Figure 6.11: Comparison of percentage of utilization factor between scheduling with 

Advance Planning (FCFS – EDS) and flexible advance reservation without Advance 

Planning for MPI job. (Experiment #2) 
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Figure 6.12: Comparison of percentage of utilization factor between scheduling with 

Advance Planning (FCFS – EDS) and flexible advance reservation without Advance 

Planning for MPI job. (Experiment #3) 

 

 
Figure 6.13: Comparison of percentage of utilization factor between scheduling with 

Advance Planning (FCFS – EDS) and flexible advance reservation without Advance 

Planning for MPI job. (Experiment #4) 
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Figure 6.14: Comparison of percentage of utilization factor between scheduling with 

Advance Planning (FCFS – EDS) and flexible advance reservation without Advance 

Planning for MPI job. (Experiment #5) 

 

 

Figure 6.15: Comparison of percentage of utilization factor between scheduling with 

Advance Planning (FCFS – EDS) and flexible advance reservation without Advance 

Planning for MPI job. (Experiment #6) 
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Figure 6.16: Comparison of percentage of utilization factor between scheduling with 

Advance Planning (FCFS – EDS) and flexible advance reservation without Advance 

Planning for MPI job. (Experiment #7) 

 

 

 

Figure 6.17: Comparison of percentage of utilization factor between scheduling with 

Advance Planning (FCFS – EDS) and flexible advance reservation without Advance 

Planning for MPI job. (Experiment #8) 



113 

 

6.6 Revenue Management System strategy for parametric 

job 

In the experiment in incorporating revenue management for parametric job, first, we 

have to make an experimental setup. Experimental setups for incorporating revenue 

management, for parametric jobs are: 

1. We have 3 class of user, which we call premium user, business user and 

economy user.  

2. Premium users also called as class 1 users pay 𝑝 , i.e. full price for compute 

node. 

3. Business users also called as class 2 users pay 𝑝 , i.e. discount price for 

compute node. 

4. Economy users also called as class 3 users pay 𝑝 , i.e. discount price for 

compute node. 

5. We set 𝑝 = Rs. 100,-  i.e. full price for 1 timeslot on one compute node, 𝑝 = 

Rs. 60,-  i.e. full price for 1 timeslot on one compute node, and 𝑝 = Rs. 40,-  

i.e. full price for 1 timeslot on one compute node. 

6. Class 1 users reserve compute node between 0 to 12 timeslots in advance or 

book ahead is between 0 to 12 timeslots, class 1 users reserve compute node 

between 0 to 12 timeslots in advance, class 1 users reserve compute node 

between 0 to 12 timeslots in advance. These market segmentation and price 

discrimination can be seen in Table 6.1. 

Table 6.3: Market Segmentation and Price Discrimination 

Users Book ahead  Price (Rs) 

Class 1   𝑏𝑎     100 

Class 2    𝑏𝑎     60 

Class 3 𝑏𝑎     40 

 

7. Capacity of the compute node is 40 compute nodes. 
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8. Initial Booking Limit for class 1 users (𝑏 ), class 2 users (𝑏 ), and class 3 users 

(𝑏 ) are depicted in Table 6.4. As depicted in Table 6.4, experiment #1 and #3 

are designed to represent spoilage case, and experiment #2 and #4 are designed 

to represent dilution case. 

We have done the experiments for our proposed advance planning and reservation 

scheduling strategy FCFS-EDS for parametric job. The workload or user requests of 

this experiment have these characteristics: 

a. The rate of incoming reservation requests are assumed to follow poison 

distribution with mean as depicted in Table 6.4. If we use a very high rate of the 

incoming reservation then all computing nodes are reserved by class 1 users, 

which means there is no need to incorporate revenue management in it. 

b. Execution time (  ) for reservation requests are between 12 to 24 timeslots 

distributed uniformly.  

c. Earlier starting time (   ) for reservation requests are between 0 to 36 timeslots, 

distributed uniformly.  

d. Percentage of user request that are for flexible advance reservation is assumed to 

at most 50% (selected randomly).  

e. Relax time (  ) for reservation requests are between 1 to 12 timeslots distributed 

uniformly and            

f. In the experiment it is assumed that a time slot is equal to 5 minutes (clock 

time). 

Table 6.4: Rate and Initial booking limit for the experiment 

No Rate 
Initial  

   

Initial  

   

Initial  

   

1 3 40 10 5 

2 3 40 30 35 

3 4 40 10 5 

4 4 40 30 35 
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 In each experiment as depicted in Table 6.4, we have compared the revenue 

collected in sliding window of size 12 time slot (1 hour), between these three 

scenarios: 

1. Revenue of FCFS-EDS scheduling strategy without implementing revenue 

management. In Figure 6.18 to Figure 6.21 they are shown as blue line.  

2. Revenue of FCFS-EDS with implementing revenue management without 

updating initial booking limit. In Figure 6.18 to Figure 6.21 they are shown as 

shown in red line. 

3. Revenue of FCFE-EDS with implementing revenue management with updating 

booking limit. In Figure 6.18 to Figure 6.21 they are shown as shown in green 

line. After updating the booking limit with EMSR-b formula, we have new 

initial booking limits as shown in Table 6.5 to Table 6.8. 

 
Figure 6.18: Comparison of revenue between FCFS-EDS scheduling strategy for 

parametric jobs without implementing revenue management, FCFS-EDS with 

implementing revenue management without updating initial booking limits, and 

FCFE-EDS with implementing revenue management with updating booking limits. 

(Experiment #1) 
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Table 6.5: Value of initial booking limit before and after update, for parametric job 

(experiment #1) 

 Before update After update 

         

   10 22 

   5   

 

From Figure 6.18 (results of experiment #1), it can be seen that revenue of FCFS-

EDS without revenue management has lower revenue than that with revenue 

management, as it gains additional revenue by accepting discount-price users. This 

revenue becomes much higher after updating the booking limit (depicted in Table 6.5). 

By accepting too less number of discount-price users, it hopes for future bookings that 

pay a full price of compute nodes. But then it may not see enough full-price booking to 

reserve compute nodes. This is called spoilage as the idle compute nodes become 

spoiled. To reduce the spoilage, it limits the reservation for class 3 users from 5 to 2 

compute nodes, and for class 2 users from 10 to 22 compute nodes as depicted in 

Table. 6.5.   

Table 6.6: Value of initial booking limit before and after update, for parametric job 

(experiment #2) 

 Before update After update 

         

         

        

 

 From Figure 6.19 (results of experiment #2), it can be seen that revenue of FCFS-

EDS without revenue management has lower revenue than that with revenue 

management, as it gains additional revenue by accepting discount-price users. This 

revenue becomes much higher after updating the booking limit (depicted in Table 6.6). 

By accepting too many discount-price users it rejects future booking of full-price users 

as resource capacity is limited, i.e. 40 compute nodes. This is called dilution since it 
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dilutes the revenue that could have received from saving additional compute nodes for 

full-price users. To anticipate future bookings that pay full price of compute nodes, it 

then limits the reservation from class 3 users from 30 to 5 compute nodes, and from 

class 2 users from 35 to 29 compute nodes as depicted in Table 6.6.   

 

 
Figure 6.19: Comparison of revenue between FCFS-EDS scheduling strategy for 

parametric jobs without implementing revenue management, FCFS-EDS with 

implementing revenue management without updating initial booking limits, and 

FCFE-EDS with implementing revenue management with updating booking. 

(Experiment #2) 
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Figure 6.20: Comparison of revenue between FCFS-EDS scheduling strategy for 

parametric jobs without implementing revenue management, FCFS-EDS with 

implementing revenue management without updating initial booking limits, and 

FCFE-EDS with implementing revenue management with updating booking. 

(Experiment #3) 

 

Table 6.7: Value of initial booking limit before and after update, for parametric job 

(experiment #3) 

 Before update After update 

         

   10 14 

   5 0 

 

From Figure 6.20 (results of experiment #3), it can be seen that revenue of FCFS-

EDS without implementing revenue management has the lower revenue than that with 

revenue management, as it gains additional revenue by accepting discount-price users. 

This revenue, even going higher, after updating the booking limit (depicted in Table 

6.7). By accepting too less number of discount-price users, it hopes for future 

bookings that pay a full price of compute nodes. But then it may not see enough full-

price booking to reserve compute nodes. This is called spoilage as the idle compute 

nodes become spoiled. To reduce the spoilage, it limits the reservation from class 3 
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users from 5 to 0 compute nodes, and from class 2 users from 10 to 14 compute nodes 

as depicted in Table. 6.7.   

 
Figure 6.21: Comparison of revenue between FCFS-EDS scheduling strategy for 

parametric jobs without implementing revenue management, FCFS-EDS with 

implementing revenue management without updating initial booking limits, and 

FCFE-EDS with implementing revenue management with updating booking limits. 

(Experiment #4) 

Table 6.8: Value of initial booking limit before and after update, for parametric job 

(experiment #2) 

 Before update After update 

         

         

        

 

 

 From Figure 6.21 (results of experiment #4), it can be seen that revenue of FCFS-

EDS without revenue management has the higher revenue than that with revenue 

management. This is because it accepts too many discount-price users, which leads to 

rejecting full-price users. The revenue of FCFS-EDS with revenue management 

becomes much higher after updating the booking limit (depicted in Table 6.8). By 

accepting too many discount-price users it rejects future booking of full-price users 

because resource capacity is limited, i.e. 40 compute nodes. This is called dilution 



120 

 

since it dilutes the revenue that could have received from saving additional compute 

nodes for full-price users. To anticipate future bookings that pay full price of compute 

nodes, it then limits the reservation from class 3 users from 30 to 0 compute nodes, 

and from class 2 users from 35 to 29 compute nodes as depicted in Table 6.8.   

6.7 Revenue Management System strategy for MPI job 

In the experiment in incorporating revenue management for MPI job, first, we have to 

make an experimental setup. Experimental setup for incorporating revenue 

management, for MPI jobs are: 

1. We have 3 class of user, which we call premium user, business user and 

economy user.  

2. Premium users also called as class 1 users pay 𝑝 , i.e. full price for compute 

node. 

3. Business users also called as class 2 users pay 𝑝 , i.e. discount price for 

compute node. 

4. Economy users also called as class 3 users pay 𝑝 , i.e. discount price for 

compute node. 

5. We set 𝑝 = Rs. 100,-  i.e. full price for 1 timeslot on one compute node, 𝑝 = 

Rs. 60,-  i.e. full price for 1 timeslot on one compute node, and 𝑝 = Rs. 40,-  

i.e. full price for 1 timeslot on one compute node. 

Table 6.9: Market Segmentation and Price Discrimination for MPI Job 

Users Book ahead  Price (Rs) 

Class 1   𝑏𝑎     100 

Class 2    𝑏𝑎     60 

Class 3 𝑏𝑎     40 

 

6. Class 1 users reserve compute node between 0 to 12 timeslots in advance or 

book ahead is between 0 to 12 timeslots, class 1 users reserve compute node 

between 0 to 12 timeslots in advance, class 1 users reserve compute node 
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between 0 to 12 timeslots in advance. These market segmentation and price 

discrimination can be seen in Table 6.9. 

7. Capacity of the compute node is 80 compute nodes. 

8. Initial Booking Limit for class 1 users (𝑏 ), class 2 users (𝑏 ), and class 3 users 

(𝑏 ) are depicted in Table 6.10. As depicted in Table 6.10, experiment #1 and 

#3 are designed to represent spoilage case, and experiment #2 and #4 are 

designed to represent dilution case. 

We have done the experiment for our proposed advance planning and reservation 

scheduling strategy FCFS-EDS for parametric job. The workload or user requests of 

this experiment have these characteristics: 

a. The rate of incoming reservation requests are assumed to follow poison 

distribution with mean as depicted in Table 6.10. If we use a very high rate of 

the incoming reservation then all computing nodes are reserved by class 1 users, 

which means there is no need to incorporate revenue management in it. 

b. Execution time (  ) for reservation requests are between 6 to 24 timeslots 

distributed uniformly.  

c. Earlier starting time (   ) for reservation requests are between 0 to 36 timeslots, 

distributed uniformly.  

d. Percentage of user request that are for flexible advance reservation is assumed to 

at most 50% (selected randomly).  

e. Relax time (  ) for reservation requests are between 1 to 12 timeslots distributed 

uniformly and            

f. Compute nodes needed are between 1 to 5 compute nodes distributed uniformly. 

g. In the experiment it is assumed that a time slot is equal to 5 minutes (clock 

time). 

 

 In each experiment as depicted in Table 6.4, we have compared the revenue 

collected in sliding window of size 12 time slot (1 hour), between these three 

scenarios: 
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Table 6.10: Rate and Initial booking limit for the experiment 

No Rate 
Initial  

   

Initial  

   

Initial  

   

1 2 80 20 10 

2 2 80 75 70 

3 3 80 20 10 

4 3 80 75 70 

 

1. Revenue of FCFS-EDS scheduling strategy without implementing revenue 

management. In Figure 6.22 to Figure 6.25 they are shown as blue line.  

2. Revenue of FCFS-EDS with implementing revenue management without 

updating initial booking limit. In Figure 6.22 to Figure 6.25 they are shown as 

shown in red line. 

3. Revenue of FCFE-EDS with implementing revenue management with updating 

booking limit. In Figure 6.22 to Figure 6.25 they are shown in green line. After 

updating the booking limit with EMSR-b formula, we have new initial booking 

limits as shown in Table 6.11 to Table 614. 

 
Figure 6.22: Comparison of revenue between FCFS-EDS scheduling strategy for MPI 

jobs without implementing revenue management, FCFS-EDS with implementing 

revenue management without updating initial booking limits, and FCFE-EDS with 

implementing revenue management with updating booking. (Experiment #1) 
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Table 6.11: Value of initial booking limit before and after update, for MPI Job 

(Experiment #1) 

 Before update After update 

         

   20    

   10 11 

 

 

 From Figure 6.22 (result of experiment #1), it can be seen that revenue of 

FCFS-EDS without revenue management has the lower revenue than that with revenue 

management, as it gains additional revenue by accepting discount-price users. This 

revenue becomes much higher after updating the booking limit (depicted in Table 

6.11). By accepting less number of discount-price users, it hopes for future bookings 

that pay a full price of compute nodes. But then it may not see enough full-price users 

to reserve compute nodes. This is called spoilage as the idle compute nodes become 

spoiled. To reduce the spoilage, it then limits the reservation from class 3 users from 

10 to 11 compute nodes, and from class 2 users from 20 to 48 compute nodes as 

depicted in Table. 6.11.   

 

Figure 6.23: Comparison of revenue between FCFS-EDS scheduling strategy for MPI 

jobs without implementing revenue management, FCFS-EDS with implementing 

revenue management without updating initial booking limits, and FCFE-EDS with 

implementing revenue management with updating booking limits. (Experiment #2) 
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Table 6.12: Value of initial booking limit before and after update for MPI Job 

(Experiment #2) 

 Before update After update 

         

   75    

   70 19 

 

 

 From Figure 6.23 (results of experiment #2) it can be seen that revenue of FCFS-

EDS for MPI job without revenue management has lower revenue than that with 

revenue management, as it gains additional revenue by accepting discount-price users. 

This revenue becomes much higher after updating the booking limit (depicted in Table 

6.12). By accepting too many discount-price users it rejects future booking of full-

price users because resource capacity is limited, i.e. 80 compute nodes. This is called 

dilution since it dilutes the revenue that could have received from saving additional 

compute nodes for full-price users. To anticipate future bookings that pay full price of 

compute nodes, it then limits the reservation from class 3 users from 70 to 19 compute 

nodes, and from class 2 users from 75 to 65 compute nodes as depicted in Table 6.12.   

 

Figure 6.24: Comparison of revenue between FCFS-EDS scheduling strategy for MPI 

jobs without implementing revenue management, FCFS-EDS with implementing 

revenue management without updating initial booking limits, and FCFE-EDS with 

implementing revenue management with updating booking limits. (Experiment #3) 
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Table 6.13: Value of initial booking limit before and after update for MPI Job 

(Experiment #3) 

 Before update After update 

         

   20    

   10 0 

 

 

 From Figure 6.24 (results of experiment #3), it can be seen that revenue of 

FCFS-EDS without revenue management has the lower than that with revenue 

management, as it gains additional revenue by accepting discount-price user. This 

revenue, even going higher, after updating the booking limit (depicted in Table 6.13). 

By accepting too less number of discount-price users, it hopes for future bookings that 

pay a full price of compute nodes. But then it may not see enough full-price booking to 

reserve compute nodes. This is called spoilage as the idle compute nodes become 

spoiled. To reduce the spoilage, it then limits the reservation from class 3 users from 

10 to 0 compute nodes, and from class 2 users from 20 to 41 compute nodes as 

depicted in Table. 6.13.   

 
Figure 6.25: Comparison of revenue between FCFS-EDS scheduling strategy for MPI 

jobs without implementing revenue management, FCFS-EDS with implementing 

revenue management without updating initial booking limits, and FCFE-EDS with 

implementing revenue management with updating booking limits. (Experiment #4) 
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Table 6.14: Value of initial booking limit before and after update for MPI Job 

(Experiment #4) 

 Before update After update 

         

   75    

   70 10 

 

 From Figure 6.25 (results of experiment #4), it can be seen that revenue of FCFS-

EDS for MPI job with revenue management is lower than without revenue 

management, as it gains additional revenue by accepting discount-price users. The 

revenue of FCFS-EDS with revenue management becomes much higher after updating 

the booking limit (depicted in Table 6.12). By accepting too many discount-price users 

it rejects future booking of full-price user because resource capacity is limited, i.e. 80 

compute nodes. This is called dilution. To anticipate future booking that pay full price 

of compute nodes, it then limits the reservation from class 3 users from 70 to 10 

compute nodes, and from class 2 users from 75 to 62 compute nodes as depicted in 

Table 6.14.   
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7 Conclusions and Future Work  

 

7.1 Conclusion 

This thesis has attempted to broadly categorize the advance reservation strategies 

reported in the literature into: Rigid reservation [47] [48], Elastic Advance Reservation 

[43], Overlapping/Relax Advance Reservation [50] [54] [55], Flexible Advance 

Reservation (Static) [44] [58] [59], Flexible Advance Reservation (Dynamic, Physical 

View) [53] [63] [65]. Our proposed advance reservation scheduling strategy namely 

First Come First Serve Ejecting Based Dynamic Scheduling (FCFS-EDS) falls into 

Flexible Advance Reservation (Dynamic, Logical View). 

 This thesis has proposed a novel advance planning and reservation strategy 

namely First Come First Serve Ejecting Based Dynamic Scheduling (FCFS-EDS), 

which falls into Flexible Advance Reservation (Dynamic, Logical View), to increase 

resources utilization in a grid system. In the earlier scheduling like Flexible Advance 

Reservation (Dynamic, Physical View), necessary physical resources were reserved 

for the job and user was notified accordingly. If the physical resources were re-

assigned a fresh notification had to be sent. In FCFS-EDS, it schedules the job at a 

logical level and if accepted the user is notified only once. Finally this thesis proposed 

a definition for flexible advance reservation: A new perception. 



128 

 

 This thesis has compared the parameters of the proposed scheduling strategy 

FCFS-EDS with advance reservation scheduling strategies that have been used by 

other researchers. This thesis has proposed a new lemma (FCFS-EDS’s lemma) to 

ensure “If there is a plan for scheduling a job on the consecutive time slot on virtual 

compute nodes (which are selected freely) (Logical View) then it guarantees that the 

job will be executed on a dedicated physical node for the required execution time 

(Physical View)”. This thesis has also proposed a data structure, which falls into time 

slotted data structure to efficiently administer the proposed scheduling strategy. 

 To demonstrate the efficacy of the proposed FCFS-EDS strategy and the data 

structure, a novel simulator has been designed and implemented. This simulator has a 

potential to accommodate reservation for both Parametric as well as MPI job types. In 

this manner we have also generated the random input with a certain characteristic, 

such as the rate of incoming reservation following Poisson distribution, etc. This thesis 

has compared the performance of the proposed method (FCFE-EDS with advance 

planning) and an existing approach (flexible advance reservation strategy without 

advance planning) for parametric jobs. The comparison of resource utilization in both 

the strategies shows that FCFS-EDS yields better utilization than the traditional 

strategy (without advance planning). This thesis has also compared the performance of 

the proposed method FCFS-EDS with advance planning) and an existing approach 

(flexible advance reservation strategy without advance planning) for MPI jobs. The 

comparison of resource utilization in both the strategies shows that FCFS-EDS yields 

better utilization than the traditional strategy (without advance planning). 

 This thesis has incorporated revenue management in the proposed FCFS-EDS 

simulator to determine pricing of reservations in order to increase revenue/ throughput. 

This thesis has evaluated the effectiveness of revenue model and showed that by 

segmenting users, charging them with different price, and protecting resources for 

those who are willing to pay more, will result in increased revenue in both parametric 

jobs and MPI jobs. This thesis has also proposed architecture of the work as a 

complete system 
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7.2 Future Work 

To enhance our work we suggest several future directions: 

1. Incorporating pre-emptive jobs. Our proposed FCFS-EDS scheduling 

strategy can shift only reservations that are not yet executed. In future, 

FCFS-EDS strategy will be adapted so that already executing reservations 

can be pre-empted for a new one and later the pre-empted one can be 

resumed.    

2. Incorporating other type of resources. In our work we only deal with 

reservation of compute nodes. For future work, we can incorporate 

heterogeneous compute nodes and other resources to be reserved such as 

storage resources and bandwidth resources. Some user may want to reserve a 

combination of any of those resources. In this case we have to update the 

reservation revenue management model to accommodate those additional 

resources. 

3. Implementing the proposed advance planning and reservation strategy 

(FCFS-EDS) and revenue model in a real grid system such as Globus Toolkit 

or Sun Grid Engine. 

4. Customizing the proposed advance planning and reservation strategy (FCFS-

EDS) and revenue model in so that it can be adopted in Cloud System. 
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