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Abstract                                   
 

The emerging cyberinfrastructure holds the promise 
of providing on-demand access to high performance 
network, compute and data resources. Image guided 
neurosurgery is one of many applications that requires 
such on-demand access to resources. In this paper we 
have studied the feasibility of accessing such resources 
on-demand. An experiment was designed and carried 
out across five TeraGrid clusters for this study. This 
paper provides an analysis of the results and draws 
some conclusion regarding feasibility of on-demand 
access to high performance resources.  
 
1. Introduction 
 

The goal in image guided neuro surgery (IGNS) is 
to provide 3D image of the brain that clearly delineate 
anatomical structures and tumor tissue [1]. Key 
surgical challenges for neuro surgeons during tumor 
resection are to (1) remove as much tumor tissue as 
possible, (2) minimize the removal of healthy tissue, 
(3) avoid the disruption of critical anatomical 
structures, and (4) know when to stop the resection 
process. These challenges are compounded by the 
intra-operative shape deformation of the brain that 
happens as a result of tissue resection and retraction, 
injection of anesthetic agents, and loss of cerebrospinal 
fluid. The result is that the accuracy of the pre-
operative plan diminishes steadily during the 
procedure. It is therefore of great importance to be able 
to quantify  and correct for these deformations while a 
surgery is in progress, by dynamically updating the 
pre-operative images in a way that allows surgeons to 
react to changing conditions.  

The procedure during the IGNS would be as 
follows. Images of the patient's brain are captured pre- 

operatively and are registered against a brain anatomy 
atlas. During surgery, using an intra-operative scanner, 
new images of the patients brain are acquired [2] and a 
finite element bio-mechanical model is solved [3] to 
construct a new visualization merging pre- and intra-
operative data [4].  

The dynamic updating of these images needs to be 
performed in a short period. The response time is 
critical, since the surgeons could be waiting for the 
next visualization model in order to proceed with the 
surgery. It is very likely that in a hospital surgery 
room, there would be limited compute power, which 
would result in a less accurate model. In order to obtain 
a model with improved accuracy and precision, the 
application needs to be run on a multi-teraflop 
machine. However, having such machines at each and 
every hospital is not feasible.  

The solution is to remotely access large-scale 
computational resources, which are generally available 
at the major supercomputer centers, in the most 
efficient and reliable manner. In this paper, we 
examine the feasibility of using remote supercomputers 
to achieve time-critical neurosurgery procedures.  
 
2. Experiment 
 
2.1. Scope 
 

The response time for executing a remote 
computational job for neurosurgery depends on the 
time required to send the intra-operative image data to 
the supercomputer, solve the finite element model, and 
send the results back to the hospital. As a first phase of 
this experiment, we are limiting our scope to the 
computation part corresponding to solving the finite 
element model.  



However, the nature of the surgery demands that the 
entire process, including the communication, be 
performed within ten minutes. Some preliminary 
experiments showed us that the time to both receive the 
intra-operative images, from Brigham and Women’s 
Hospital (BWH) at SDSC, and send visualization 
model back, from SDSC to BWH, take less than four 
minutes. Therefore, we targeted six minutes to acquire 
resources on a parallel cluster and complete simulation. 
 
2.2. Objective 

 
The algorithm for solving the finite element model 

is assumed to be scalable, such that better quality 
results are obtained with higher numbers of CPUs. 
Therefore, while the primary objective of this 
experiment was to have job completion within the 
given time frame, another major objective was to 
determine the maximum number of CPUs that can be 
allocated during that time. Our experiment targeted 
determination of the best possible job outcome, i.e., the 
job that is allocated the highest number of CPUs, and 
how often this is obtained. The ultimate goal of the 
computational experiment is the determination of the 
optimal job run in terms of number of CPUs accessed 
and success of that access. 

 
2. 3. Approach 
 

As indicated above, the time available for the 
computation was set as six minutes. Once the job was 
allocated to the nodes, it was assumed that the job 
would have exclusive access to these resources and 
would run to completion within a pre-determined time 
frame. The pre-determined run time was set as two 
minutes. 

Success of job execution was determined via a 
success criteria, where acquiring higher number of 
CPUs by a submitted job corresponded to a higher 
success criteria. In this experiment, this number was 
taken to be equal to the number of CPUs requested. In 
a more sophisticated setup, factors such as CPU power, 
network bandwidth, physical memory availability, 
storage access speeds, etc. will be taken into 
consideration for the success criteria. 

In this experiment, what we call a “flooding” 
approach was followed, where jobs are rapidly 
submitted across several clusters simultaneously, each 
requesting different numbers of processors.  Since all 
jobs take a total of two minutes of wall-clock time for 
completion, the higher the number of processors 
allocated, the higher the quality of the result.   
Therefore, the most desirable job is the one that obtains 
the highest number of processors, for this application. 

Since a total of 6 minutes is available, it is actually 
possible for a job to 'wait' for four minutes in a queue 
before running, and still have success.  During such a 
four-minute wait period, whenever a job begins 
execution, any other job with success criteria less than 
or equal to that of the current job, is cancelled, 
regardless of whether or not it had started execution.  
This ensures that resources are not wasted for jobs that 
are going to produce results of lower or equal quality, 
and thereby minimizes any adverse affects of the 
flooding approach.  

The status of each job is queried continuously at 
five-second intervals between consecutive queries.  
Assuming the time between queries is negligible, there 
is only one job running at any given time. 

At the end of each four-minute period, only the job 
with the highest success criteria would be running, 
which can then be cancelled, since the overall goal is 
the determination of the most successful job, rather 
than its output per se.  Any other jobs that are then 
waiting for processors in the job scheduler queues are 
also cancelled. 

We allocate resources in exclusive mode and the job 
is heavily CPU intensive. Therefore, it is highly likely 
that the job can be completed within the estimated two 
minute period, once the resources are allocated. 

For example, suppose we submit jobs requesting 8, 
16, 32 and 64 CPUs, respectively. When we query the 
status of the jobs, if 8- and 32-CPU jobs had started, 
we cancel the 8- and 16-CPU jobs, since we are 
guaranteed that the 32-CPU job would give a result. If 
the 64-CPU job also starts within the four-minute 
waiting period, we cancel the 32-CPU job as well and 
record that the best possible job was the 64-CPU job. 
Otherwise, we would record 32-CPU job as the best. 

 
2.3.1. Undesirable affects of the flooding approach. 
The flooding approach provides a high probability of 
getting a job run. However, the approach could waste 
resources by running multiple instances of the same 
job. While we ensure that only one job is running at the 
end of each querying of the job status, the time interval 
between two queries of the jobs could be significant, 
especially if the login nodes of the clusters are heavily 
loaded, or there is a bad network connection between 
the job submission machine and the login nodes. 
During this time interval, multiple jobs might start 
running, where all but one job would be eventually 
canceled. 

Since we are submitting multiple jobs requesting 
different numbers of CPUs, there is a possibility that 
the jobs compete with each other for CPUs. For 
example, suppose we submit 16-CPU and 32-CPU jobs 
to the same cluster and there are 35 CPUs idling at that 
moment. The best possible result would be if we could 



get the 32-CPU job run. However, there is a possibility 
that the job scheduler would pick the 16-CPU job first, 
thereby preventing any possibility of the 32-CPU job 
to get in. 

In order to determine the best running job at a given 
moment, it is required to check the status of each job 
frequently. Currently we are using simple SSH to 
obtain access into the login node to query the status, 
which results in large number of SSH commands on 
the login node. 

 
2.3.2. Alternative approach. An alternative to the 
flooding approach would be to use an on-demand 
resource request/grant protocol, where a site will 
respond to inquiries about the maximum resource-
provisioning that can be made at a given time. While 
this minimizes resource wastage, it may not be a 
practical solution in dynamic environments where the 
resource availability changes over time. For example, 
the resource availability during the resource acquisition 
phase could be less than that reported at the inquiry 
phase. Also, request/grant types of protocols are not 
supported at every computing site. Reserving resources 
would address some of these issues, but that would 
also involve some resource wastage. Currently most 
supercomputer centers do not provide user-settable 
reservation capability. 

 
2.4. Test Environment 
 

Table 1 lists the supercomputer clusters used for the 
experiment. We conducted several experiments with 
different sets of clusters selected each time. Table 2 
provides the details of these experiments. 

In experiment 1, all five clusters in Table 1 were 
used. In experiment 2, the TeraGrid SDSC was 
omitted, since this supercomputer was successful in 
getting most of the jobs running in the first experiment. 
In experiments 3, 4 and 5, we used the most heavily 
loaded clusters when individually run in isolation. 

The job scheduler on DataStar normally takes about 
15 minutes between two schedule attempts. Therefore, 
the last experiment was run with a higher interval 
between two queries of job status, in order to allow the 
job manager at least one chance to schedule the job on 
the DataStar. 

In all instances, jobs were submitted requesting 8, 
16, 32, 64 and 128 CPUs to each cluster except the 
TeraGrid at Argonne. It was only possible to submit 
the 8, 16, 32, and 64 CPU jobs on the TeraGrid cluster 
at Argonne. 

 
3. Results 
 

The term ‘success rate’ is used as the rate at which 
at least an 8-CPU job was able to run, and the term ‘job 
submission’ indicates one round of submitting jobs to 
each cluster. For each experiment, graphs are presented 
that indicate the success rate as a time varying 
function. 

 
Table 1. Clusters used for the experiment. 
 

Cluster CPUs Architecture 
TeraGrid 

SDSC 
512 IA-64, 1.5 

Ghz 
DataStar 

SDSC 
1408 Power4, 1.5 

and 1.7 Ghz 
TeraGrid 

NCSA 
1774 IA-64, 1.5 

Ghz 
TeraGrid 

ANL 
124 IA-64, 1.5 

Ghz 
TeraGrid 

PSC 
3000 Alpha 

EV68, 1Ghz 
 

Table 2. Experiments conducted.  
 

Experiments Clusters Duration 
(hours) 

1 TeraGird SDSC, 
DataStar SDSC, 

TeraGrid 
NCSA, 

TeraGrid ANL, 
TeraGrid PSC 

180 

2 DataStar SDSC, 
TeraGrid 
NCSA, 

TeraGrid ANL, 
TeraGrid PSC 

123 

3 TeraGrid PSC 22 
4 DataStar SDSC 22 
5 DataStar SDSC 98 

 
3.1. Experiment 1 
 

For experiment 1, out of the 1464 job submissions, 
only 6 failed, giving a success rate of 99.59%. The 
128-CPU job ran more than 50% of the times, and at 
least the 64-CPU job ran more than 80% of the times. 
Figure 1 gives the time varying behavior with six-hour 
intervals. 

 



 
Figure 1. All clusters. 

 

 
Figure 2. All clusters except TeraGrid SDSC. 

 
3.2. Experiment 2 
 

In experiment 2, the TeraGrid at SDSC was 
eliminated, and the overall success rate was 98.25% 
out of  1199 job submissions. However, the percentage 
of 128-CPU jobs reduced to just over 21%, while the 
percentage of getting at least the 64-CPU job remained 
over 80%. The time varying behavior for this 
experiment with six-hour intervals is given in figure 2. 

 
3.3. Experiment 3 
 

The Pittsburgh computer cluster is one of the 
heaviest loaded   clusters, and only this cluster was 
used for experiment 3. As expected, the success rate 
dropped to 33.5%. The experiment was run for just 
over 21 hours during which 224 jobs were submitted. 
The time varying behavior with three-hour intervals is 
given in Figure 3.  

 
Figure 3. TeraGrid Pittsburgh. 

 
3.4. Experiment 4 
 

Experiment 4 included the other heavily loaded 
supercomputer, the DataStar at SDSC. During the 22-
hour period when the experiment was performed, no 
job was able to run, giving a success rate of 0%. 

While the main reason for job failures was the 
heavy load on this cluster, another major reason was 
the update frequency of the batch scheduler on 
DataStar. It was later identified that the interval 
between two consecutive job scheduling updates was 
around 15 minutes. Since there is only a four minutes 
wait time after submitting the jobs, there is a high 
chance that the scheduler does not get a single chance 
to attempt to schedule the submitted jobs. In order to 
verify this, this experiment was repeated after 
increasing the wait time to 20 minutes in experiment 
number 5. 

 
3.5. Experiment 5 
 

The main objective of experiment 5 was to 
determine whether the low frequency of scheduling on 
DataStar had any effect on the high rate of job failures. 

For this experiment, the success rate was just under 
50% with 277 job submissions. Even though we did 
not specifically record the scheduled times with respect 
to the time when a job actually began, we noticed that 
predominantly, the jobs started immediately after a 
scheduling cycle. Also, in many instances the 
scheduling was done after more than four minutes from 
job submission. Figure 4 gives the time varying 
behavior with one hour intervals. 

 



 
Figure 4. DataStar SDSC with 20 min wait. 

 
3.6. Analysis 
 

From the results of experiments 1 and 2, it can be 
easily concluded that, with a high number of TeraGrid 
clusters, the time critical neurosurgery simulation will 
be successfully run on some designated cluster with 
over 98% confidence. In the very small chance of run 
failure, the neuro surgeons would be able to rely on the 
local computers in the hospital, albeit sacrificing 
overall quality of images, since the local models are 
much more crude than those that can be performed on 
the supercomputer platforms. 

In the case that  heavily loaded clusters, such as the 
DataStar and the TeraGrid Pittsburgh, are used, it 
would be necessary to have multiple such clusters in 
order to obtain an acceptable success rate, as shown in 
3.6.2. Since we had to increase the wait time on the 
DataStar to 20 minutes in order to obtain an acceptable 
success rate, one would be required to submit the job 
about 15 minutes in advance in a real neuro surgery 
application, and send the input data later when 
processors become available. 

 
3.6.1. Backfilling. While the DataStar and the 
TeraGrid Pittsburgh were the most heavily loaded 
machines, other clusters also had many jobs in their job 
queues. However, the jobs submitted in these 
experiments were successfully scheduled to run before 
many of those jobs, mainly due to backfilling 
algorithms [5] used by schedulers. 

The objective of backfilling is to make optimum use 
of the CPUs without compromising the start time of 
other jobs in front of the queue. This is accomplished 
by letting small jobs run in parallel with other larger 
jobs, if there is a sufficient number of CPUs for the 
small jobs. For example, consider a cluster having a 
total of 128 CPUs together with a 64-CPU job running 
for two hours. If the next job requires 128 CPUs, it can 
not begin until the first 64-CPU jobs completes. 

However, if a small job requesting 32 CPUs for 20 
minutes is submitted, it can start without affecting the 
start time of the next 128- CPU job in front of the 
queue. 

 
3.6.2. Clusters for acceptable performance. The 
number of clusters required to give an overall success 
rate can be estimated. We assume each cluster is 
equally loaded and therefore, has an equal probability 
of getting a job started. 

Let an overall acceptable success rate be designated 
A, and the individual success rate of each cluster be S. 
Then, the failure rate of each cluster would be (1-S). 
With n clusters, the probability that the job will fail on 
all clusters would be (1-S)n and the probability that a 
job will run on at least one cluster would be(1-(1-S)n), 
which we want to be equal to A. Solving this equation 
gives, 

n = 
ln( )
ln( )

1
1

−
−

A
S

 

For example, if the individual success rate is 20%, we 
would require 11 clusters to obtain an overall success 
rate of 90%. 
 
3.6.3. CPU wastage due to flooding. While the 
flooding approach provides a higher probability of 
getting a job started within the critical time frame, 
there would be a certain amount of CPU waste due to 
less desirable jobs starting before, or at the same time, 
as the best job. The amount of this  CPU waste would 
depend on the order that the jobs are started, and the 
time between two queries of job status, since at the end 
of each querying all the jobs except for the best one 
would be killed. An upper bound for the CPU waste 
can be estimated as follows. 

Let qψbe the time between two queries, and eψthe 
job execution time (which was two minutes in our 
experiment). Also, let nψbe the number of clusters. It 
is assumed that the time to kill the less or equally 
desirable jobs is negligible. 

The maximum waste would occur if all the jobs 
start immediately after a querying. Each job would run 
for q or e minutes, whichever is the minimum. Since 
we submit 8-, 16-, 32-, 64- and 128-CPU jobs to n 
clusters, the total CPU time utilized would be 
(8+16+32+64+128)*n*min(q,e). One of the 128-CPU 
jobs would be selected as the best job. Therefore, the 
wasted CPU time would be,  

CPU_waste  
 
             = ((8+16+32+64+128)*n-128)*min(q,e) 
             = (248*n – 128)*min(q,e) 

 



Since, one has little control over e, the only two 
variables that can be manipulated to reduce the waste 
are n and q. Minimizing either of them would lead to 
less CPU waste. However, decreasing n would 
decrease the probability of getting a job started. 
Reducing q too much would also have adverse affects, 
since the job status would be queried more frequently, 
resulting in adverse effects such as large number of 
SSH commands made on the login node. Therefore, it 
would be necessary to balance these variables carefully 
before running. 

A lower bound for the CPU waste is zero, which 
would be the case when a 128-CPU job begins on 
some cluster initially, and no other job begins on any 
cluster until the subsequent querying. 

 
4. Future work 
 

In this work, only consideration of the number of 
CPUs was made to determine whether a particular job 
is more desirable than another. The CPU speed, 
available memory per CPU, etc, would also need to be 
taken into account for a more thorough analysis. 

The waiting time for a job to start should depend on 
the quality of the network connection between the 
hospital and the remote cluster. If there is less 
bandwidth, the waiting time needs to be reduced to 
compensate for the extra time it would take to transfer 
data back and forth. 

Even though the CPU waste has been minimized 
due to our flooding approach by killing less desirable 
jobs, it would be better to submit to a few clusters that 
have a higher probability of successful job start. One 
can use queue delay prediction algorithms [6] to select 
those clusters. 

Public clusters have been used for the reported 
experiments. Another approach would be to use 
dedicated clusters. In the future, we envision a network 
of clusters, dedicated specifically for neurosurgery 
applications. In that scenario, another experiment 
would be to determine how a set of dedicated clusters 
would respond to many hospitals submitting jobs with 
the flooding approach. 

As observed in the experiment with DataStar, if the 
scheduler’s update frequency is very low, jobs would 
have to be submitted in advance and the input data sent 
later when they are available. In this scenario, should 
the program begin before the data is available, it will 
simply wait until the data arrives. The job execution 

time would need to be increased to accommodate this 
extra waiting time. 
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