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Abstract. Grid computing is an emerging computing architecture that can solve 
massive computational problems by making use of large numbers of 
heterogeneous computers. Job scheduling is an important issue in the high 
performance Grid computing environment. An appropriate scheduling 
algorithm can efficiently reduce the response time, turnaround time and further 
increase the throughput. However, finding an optimal grid scheduling algorithm 
is intractable. In this paper, we propose a high performance scheduling 
algorithm based on Fuzzy Neural Networks to resolve this problem. In the 
proposed algorithm, we apply the Fuzzy Logic technique to evaluate the grid 
system load status, and adopt the Neural Networks to automatically tune the 
membership functions. Since there are many factors that influence the system’s 
load circumstances; as the number of factors increase, it becomes very difficult 
to set up the system using general experience. We implemented a Fuzzy Neural 
Network scheduler based on Globus Toolkit 4 to verify the proposed scheduling 
algorithm performance. NAS Grid Benchmarks (NGB) was utilized to validate 
the performance of our scheduling approach. The experimental results show 
that our proposed algorithm can reduce the turnaround time and has better 
speed-up ratio than previous methods. 

Keywords: grid, fuzzy logic, neural network, fuzzy neural network, grid 
benchmark. 

1   Introduction 

Grid computing is a loosely couple distributed system. It uses computing resources 
that are connected through networks to solve large-scale computational problems [3]. 
Unlike the traditional cluster system, it can share heterogeneous computing and 
storage resources. So extending the grid environment is easier than the traditional 
cluster system. To integrate the resources of the grid system, grid middleware plays a 
significance role [1, 4, 5], and provides many unique components to enable these 
resources to communicate with each other. 
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The open source Globus Toolkit is a popular middleware for constructing a grid 
computing environment [7]. Globus Toolkit allows users to share securely 
geographically distributed computing power, databases, and other resources by 
network connection. This includes many components that users can integrate them 
conveniently into their applications. Although GT is very convenient for users to 
construct a grid computing environment, however, there are still some drawbacks 
when submitting a job with GT. Firstly, many complicated procedures and lots of 
command-line operations are needed when users submit a job to a grid system using 
GT. Secondly, submitting jobs to an appropriate computing node with the most 
available computing resource is an important scheduling problem; however, GT does 
not provided any information to help users to select the most appropriate node. 

Most of the scheduling algorithms determine the system workload by using a 
threshold.  But this approach does not belong in a heterogeneous grid environment, 
because of the dynamic workload. In our previous work, we proposed a Fuzzy Logic 
based scheduling algorithm [16] to determine the system workload and performed 
better than the traditional approaches. However the fuzzy membership functions of 
the fuzzy variables must be tuned manually and tested many times. With the growth 
of the number of fuzzy variables, it is too difficult to tune an ideal membership 
function manually. 

In this paper, we proposed a Fuzzy Neural Network which based on the back-
propagation network model to train the fuzzy membership functions. The proposed 
method combines the Neural Network Training Component with the Fuzzy Logic 
Workload Measurement into a load balancing module. With our approach, the 
membership functions can be tuned automatically instead of artificial fine-tuning to 
enhance the system performance conspicuously.  

The rest of this paper is organized as follows. Section 2 describes the related work. 
Section 3 presents the proposed Three-Tier grid architecture. Section 4 describes our 
load balancing module in detail. Section 5 presents the experimental results. Our  
conclusions are presented in Section 6. 

2   Related Work 

In a heterogeneous grid system, the capability of each computing node is different. 
Therefore, scheduling of a grid system is important, because it allows resources to be 
used more effectively and enhances the performance of the entire grid system. Many 
researchers studied the scheduling issues thoroughly [2, 6, 8-11, 14, 16]. Most of the 
scheduling algorithms determined the system workload by using some fixed 
thresholds [12, 14-15]. But it is not a good way to determine the system workload. In 
the heterogeneous grid environment, the system workload is dynamic so precise load 
information cannot be determined for allocating jobs to the applicable computing 
nodes. 

In our previous work [16], we proposed a Fuzzy Logic Workload Measurement 
system to measure the system workload of each computing node. With this approach, 
the workload of each computing node can be forecasted more precisely than using 
only a threshold. This method allows high performance scheduling to be achieved.  
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Although using Fuzzy Logic Workload Measurement to measure the system 
workload of each computing nodes can schedule jobs effectively, it needs manual trial 
and error to tune the membership function value many times to get a better results. In 
this paper, we apply the Neural Network to our Fuzzy Logic Workload Measurement 
to improve this problem. In our proposed Fuzzy Neural Network, it can train the 
membership function of fuzzy variables automatically and obtain an ideal load 
balancing result. 

3   The Proposed Three-Tier Grid Architecture 

In most of the previous approaches, the researchers determined the workload by using 
a threshold. However, this approach is not suitable for a dynamic environment. 
Instead of the traditional approaches, we propose a Fuzzy Neural Network based 
dynamic scheduling scheme that can correctly evaluate the current workload status of 
each computing node in a grid system. With our scheme, the workload of each 
computing node in a grid system can be balanced; thereby producing a high 
performance computing environment. The fuzzy variable membership function does 
not need to be tuned manually. The proposed three-tier grid architecture consists of a 
Resource Broker Tier, Grid Head Tier, and Computing Tier, as shown in Fig. 1. 

 
Fig. 1. Three-Tier grid architecture 

3.1   Resource Broker Tier 

The Resource Broker Tier is comprised of many components and acts as the 
coordinator between users and resource providers. According to the functionality of 
components, we grouped the components into two modules in this tier: (1) Kernel 
Module and (2) Load Balancing Module. 
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The kernel module includes three layers. The first layer is a Command-Line User 
Interface. It provides a user friendly interface for job submission. The second layer is 
the Control Center, it receives user command requirements from the first layer and 
selects a suitable manager from the third layer to execute them. The third layer is 
comprised of three managers: (1) Execution Manager: it is used to execute jobs 
generated from users’ requirements; (2) Transfer Manager: it is used to transfer files 
and related data; (3) Information Manager: it is used to collect information from 
computing resources. 

In the Load Balancing Module, it is composed of Fuzzy Logic Workload 
Measurement and Neural Network Training Component. The functionality of Fuzzy 
Logic Workload Measurement is to estimate the workload degree of each computing 
nodes. And Neural Network Training Component can train the membership functions 
of fuzzy variables automatically. We will describe the detail of Fuzzy Logic Workload 
Measurement and Neural Network Training Component in Section 4. 

3.2   Grid Head Tier 

Grid Head Tier is responsible for submitting jobs to the corresponding computing 
nodes and communicating with the Resource Broker. Each head is comprised of 
GRAM, RFT, MDS, PBS and Workload Observer. The first three are GT components. 
GRAM (Grid Resource Allocation Management) is used to receive commands from 
the Resource Broker. RFT (Reliable File Transfer) will gather executive results from 
computing nodes and report them to the Resource Broker. MDS (Monitoring and 
Discovery System) will collect integrated system information of computing nodes and 
report them to the Resource Broker. PBS (Portable Batch System) is a local scheduler 
which forwards jobs to the computing nodes. Since the information collected from the 
MDS is not enough, we developed a Workload Observer to acquire complete and 
dynamic system information of each computing nodes. 

3.3   Computing Tier 

The Computing Tier is composed of computing nodes. Nodes are responsible for 
executing jobs. In order to provide real time resource information to Grid head, we 
also implement a Workload Monitor in each computing node to update the current 
system information periodically. 

4   Load Balancing Module 

Correctly measure the workload of each computing node in a grid system is an 
important and difficult issue. By applying the proposed Load Balancing Module, we 
can accurately evaluate the workload status of each computing node. The Load 
Balancing Module is comprised of Fuzzy Logic Workload Measurement and Neural 
Network Training Component. In this section, we will describe them in detail. 

4.1   Fuzzy Logic Workload Measurement 

In our previous work [16], we presented a workload measurement technique by using 
Fuzzy Logic. In that work, we apply CPU Utilization and Memory Utilization as the 
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input fuzzy variables. The CPU Utilization includes CPU speed, CPU usage and CPU 
run queue length. The Memory Utilization consists of the total memory, memory 
usage and swapped memory. Both fuzzy variables were normalized and characterized 
by the membership functions defined in (1) to (3). 
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The inference rules are used to compute the workload of each node as shown in  
Table 1. Using the Max-Min inference method and the center-of-gravity defuzzification 
process, the load degree of each computing node can be obtained. 

Table 1. Fuzzy inference rules 

  CPU 
Memory 

Light Medium Heavy 

Light Very Light Medium Heavy 

Medium Light Medium Heavy 

Heavy Medium Heavy Very Heavy 

Our previous work is described in [16]. The membership function parameters must 
be tuned to get a better result. In this study, a Fuzzy Neural Network system 
comprised of a Fuzzy Logic Workload Measurement and a Neural Network Training 
Component is proposed. The proposed method not only balances the workload of 
each node well, but also self-organizes the membership functions. The proposed 
Fuzzy Neural Network architecture is shown in Fig. 2. In the next section, we will 
describe the Neural Network Training Component in detail. 

4.2   Neural Network Training Component 

As shown in Fig. 2, the proposed system includes five layers: Input Layer, Hidden 
Layer X, Hidden Layer Y, Hidden Layer Z and Output Layer. The operations of 
Neural Network Training Component include feed-forward phase and back-
propagation phase, which will be described in the following. 

4.2.1   Feed-Forward Phase 
In feed-forward phase, the workload information includes CPU Utilization and 
Memory Utilization as the input to the Input Layer. The input values are then  
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Fig. 2. The Architecture of the Proposed Fuzzy Neural Network 

individually fuzzified using three fuzzy sets in the Hidden X layer. The Hidden Y 
layer displays the nine fuzzy rules applied in this system. For example, rule R1 
indicates that if CPU Utilization is Light and Memory Utilization is Light then the 
workload is Very Light. In this layer, the neuron computes the minimum value of 
the fuzzified degrees received from the Hidden X layer, which indicates the 
degree of match for the condition part of the rule. These minimum values is then 
send to the linked neuron in Hidden Z layer, and computed by the maximum 
operator to accomplished the Max-Min rule inference process. The output layer 
will calculate the workload degree by the center-of-gravity defuzzification. 

4.2.2   Back-Propagation Phase 
In back-propagation phase, in order to reduce the training overhead, we do the 
back-propagation training following five times of feed-forward training set. In the 
training process, it is very important to set the value of tolerance value. The 
object function is defined as follows: 

Avg node: The average grade of each node after five times of feed-forward Process. 

Avg total : The average grade of each nodes Avg node. 

E node: The object function. 
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5   Performance Evaluation 

To evaluate the performance of our proposed Fuzzy Neural Network scheme, we 
have constructed a grid computing environment which consist four grid systems 
by using Globus Toolkit 4, the hardware and software configuration are stated in 
table 2. We implemented our proposed algorithm along with the Fuzzy Logic, 
Round-Robin and Random schedulers for performance evaluation. 

Table 2. Experimental environment 

 Grid A Grid B Grid C Grid D 

Grid Head 
AMD 1.2GHz 

1 GB RAM 
P4 2.8GHz 

768 MB memory
P4 3.2GHz
1GB RAM

P4 3.2 GHz 
1GB RAM 

Computing 
Nodes 

AMD XP 1.6GHz
768 MB RAM 

AMD XP 1.6GHz
768 MB RAM 

P4 3GHz 
1GB RAM

P4 3.2 GHz 
512 MB RAM 

Number of 
Nodes 

7 5 4 8 

Software Debian 3.1r2 ; Globus Toolkit 4.0.2 ; DRBL 1.7.1 ; GCC 3.3.5 

5.1   Experimental Environment 

To determine the grid computing performance, many researchers proposed different 
kinds of benchmark tools and NAS Grid Benchmarks [13] is the most popular. In our 
experiment we adopted the NAS Grid Benchmarks (NGB) to determine the 
performance of our proposed scheduling approach. NGB was originally used in 
NASA (National Aeronautics and Space Administration) to compute the 
Computational Fluid Dynamics. 

In our experiment, we used Embarrassingly Distributed (ED) and Visualization 
Pipe (VP) testing modules, as shown in Fig. 3 to evaluate the performance of our 
Fuzzy Neural Network approach and compared with Fuzzy Logic, Round-Robin and 
 

 

Fig. 3. NGB testing module 
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Random approaches. The testing module Embarrassingly Distributed (ED) is 
independent and the module Visualization Pipe (VP) is dependent. These two testing 
modules are comprised of two different NGB problems: Scalar Pentadiagonal (SP) 
and Block Tridiagonal (BT). With the difference in the problem sizes, the NGB 
classes S, W, A, and B were sized from small to large. We used ED.W and VP.W 
testing modules to evaluate the performance in the following experiments. 

5.2   Experimental Results 

The turnaround time for executing the ED.W testing module using these four 
scheduling methods with different number of jobs are shown in Fig. 4. Our proposed 
scheme had the shortest turnaround time and performed better than the other two 
 

 

Fig. 4. Performance comparison of turnaround time by ED.W benchmark with different number 
of jobs 

 

Fig. 5. Performance comparison of turnaround time by VP.W benchmark with different number 
of jobs 



 A Fuzzy Neural Network Based Scheduling Algorithm for Job Assignment 541 

 
Fig. 6. Performance comparison of turnaround time by ED.W benchmark with different number 
of computing nodes 

approaches when the number of jobs increased. Fig. 5 depicts the turnaround time for 
executing the VP.W testing module. As shown in the figures, with the growth in the 
number of jobs, our approach performed better than the other two approaches. The 
turnaround time with different numbers of nodes is shown in Fig. 6. It illustrates that the 
Fuzzy Neural approach can reduce the turnaround time when the number of nodes 
increases. In the experimental results, our Fuzzy Neural approach always produced better 
performance than the Fuzzy Logic, Round-Robin and Random scheduling methods. 

6   Conclusions 

We designed and implemented a Resource Broker Module in a grid environment. This 
module can collect precise workload information from each computing node and 
automatically process the job submission procedure which originally needs a 
complicated procedure. In the proposed module, we applied the Fuzzy Logic 
technique with many fuzzy variables to determine the workload information for each 
computing node in the grid system. We adopted a Neural Network Training 
Component to automatically train the membership function defined by the Fuzzy 
Logic Workload Measurement. We constructed a real grid system using Globus 
Toolkit 4 and used a well-known benchmark tool to evaluate the system performance. 
The experimental results show that our approach can reduce the turnaround time 
efficiently and produce better performance compared with the Fuzzy Logic, Round-
Robin and Random scheduling schemes. 
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