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Abstract

This paper proposes a stochastic voting for testing

a large number of Web Services (WS) under group

testing. In the future, a large number of WS will be

available and they need to be tested and evaluated in

real time. While numerous test input generation

techniques are available to generate test inputs, the

oracle or the expected output of these test input is often

difficult to obtain. One way to obtain the oracle in this

case is to give the same input to multiple WS and to 

establish the oracle by a majority voting. This is based

on the assumption that faulty WS often will not

produce consistent results, and thus if a majority can

be reached, the oracle can be established statistically.

However, even correct WS may still produce slightly 

different outputs, and thus the majority-voting scheme 

must be carefully designed to distinguish correct but

slightly variant output from truly incorrect output. This

paper proposes a hierarchical classification based on 

simulated annealing and multi-dimensional Chi-

square statistical techniques to analyze data to see if a 

majority can be reached. The algorithm is evaluated

by a comprehensive simulated data as well as actual

data. The data show that the proposed algorithm is

effective even in a difficult situation where clusters of 

WS produce clusters of output.

Keywords: Web services testing, voting, clustering,

Simulated Annealing.

1. Introduction 

Web Services (WS) are emerging as a key 

technology in today’s software engineering practice.

Using WS technology, software developers do not

have to develop each component of a system. The 

alternative is to use the WS features of search, 

matching, discovery, orchestration or composition, and

remote invocation.

For a given functional specification, many WS may

exist that meet the specification. The questions are, can 

we trust the WS found over the Internet? If they can be 

proved to be trustworthy, how can we efficiently find

the WS in terms of dependability, performance, and

cost, assuming there are thousand of alternative WS

available?

Group testing techniques, initially applied in blood 

test [6], have been proposed to large number of WS

[20][21]. Under group testing, the WS with the same

specification are tested by applying the same test

scripts. The outputs of the WS are expected to be the

same or within acceptable range. A voting mechanism

is applied with group testing to vote the outputs of the

WS under test.

The voting mechanism addresses the following

issues:

The expected output for a test input may not be 

available, and majority voting can be used to

establish the oracle statistically. 

The output of the WS may not be numerical

values, and in case it is not, it is necessary to

convert the data into numerical data.

The expected output may not be unique points,

and indeed any data in a given range can be

considered correct output for many applications.

In [22], we proposed a heuristic voting algorithm

that efficiently votes on the outputs of WS under

testing. The algorithm uses the idea of k-mean

clustering to handle the multi-dimensional data with

deviations. The heuristics is based on local

optimization and may fail to find the global optimal

results. Furthermore, the algorithm assumes that the

allowed deviation is known, which may be hard to

determine because the deviation is application

dependent.

In this paper, we propose the hierarchical Simulated

Annealing (SA) clustering algorithm combined with

Chi-square goodness-of-fit test to improve the heuristic

algorithm proposed in [22]. The SA clustering

algorithm considers that the clustering problem is a 
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comprehensive optimization problem. The SA

algorithm is efficient in finding the optimal or near

optimal solution. In this paper, the SA clustering

algorithm tries to obtain the global optimal results in

the given time frame. The algorithm can handle

numerical data, non-numerical data, a list of data and

structured data. It can also handle data with variance or

without variance.

At each step, the algorithm divides data into two

clusters. The Chi-square goodness of fit test is used as

the termination examination. A cluster is further

divided if it fails to pass the test. The process continues

until all clusters pass the test. Upon termination, we

apply Chi-Square goodness-of-fit test again in testing

adjacent clusters combine them to form a new cluster if

possible. After all processes are done, each cluster

holds the data with the same nature. The corresponding

WS have the same nature. The winning cluster is

selected with consideration of the size of cluster and

the variance. The winning cluster is also the cluster of 

the correct WS.

The reason that the simple splitting algorithm works

is that we have the Chi-Square goodness of fit test as 

the termination test. It is application dependent. WS

under test are supposed to have been designed to

follow the same specification. Standards have been

defined to restrict the ways the WS are implemented.

Thus, the outputs of all correct WS should be within a 

given margin of variance. At the same time, there are 

many WS under test. The output data of correct WS

should follow the Normal distribution. Thus, Chi-

square goodness of fit test is applicable as a

termination test. 

The proposed algorithm has several advantages.

First, it is not necessary to make the difficult decision

on the final number of clusters in advance. Second, it

not only has a simple splitting process at each step, but 

also enables splitting processes in parallel.

Furthermore, Chi-Square test not only works as the

termination test, but also can merge the adjacent

clusters after clustering if they have similar nature. By 

doing so, the chance of error is reduced. 

The paper is organized as follows. Section 2 

introduces the clustering techniques and the SA

process with its applications in clustering. Section 3

introduces the SA algorithm in detail. Section 4

describes Chi-square goodness fit test and how to

extend it to handle multi-dimensional data. Section 5

presents a case study on real web service testing data

and synthetic data. Section 6 concludes this paper. 

2. Clustering and Simulated Annealing 

Process

Clustering is a general unsupervised classification

technique, which has been applied to many

applications, such as [24][27][28][29]. It sorts data or 

patterns into clusters. It measures the dissimilarity

between the clusters and the similarity within each

cluster. The general object is to put the most similar

patterns into the same cluster and to place the most

dissimilar pattern into different clusters.

Kaufman [12] summarized that there are two kinds

of clustering algorithms: partitioning and hierarchical.

The classic partition algorithms are K-mean algorithms

and the medoid-based method. Commonly used

medoid-based methods are PAM (Partitioning Around

Medoids), CLARA (Clustering LARge Applicatons)

and CLARANS (Clustering Large Applications based 

on RANdomized Search) [18]. The K-mean algorithm

[10] has the time complexity O(n). K-medoid

algorithm has the time complexity O(n2). [25] Wei

compared the performance among CLARA,

CLARANS, GAC-R3 [7], and GAC-RARw [7] on 

both quality of solution and on execution time.

Partition algorithms need to decide the exact number

of clusters in advance, which has an effect on the

quality of clustering. Sometimes, it is a hard decision

problem. In hierarchical clustering, clusters have a

tree-like structure [10]. A cluster is either merged into

a larger cluster or split into smaller clusters.

The clustering problem is a combinatorial

optimization problem. Standard clustering methods

such as k-mean may only find local optimization.

Existing optimization techniques can avoid of being

trapped in the local optimization areas. These

techniques can be used to solve the clustering problem,

such as ANN (Artificial Neual Network) [15], GA

(Genetic Algorithm) [11][26], SA (Simulated

Annealing Algorithm) and TS (Tabu Search) [2].

This paper applies SA to solve the clustering

problem. SA algorithms stem from the material

process, which cools a piece material gradually from

an initial high temperature. As the temperature slowly

cools down, it gives sufficient time for molecules to

align themselves and crystallize. After annealing, the

piece of material will show a better physical feature.

Simulated annealing algorithm was proposed to

simulate this material process. It is an optimization

method to avoid being restricted to local optimization

while searching for optimal or near-optimal global

solutions. Metropolis proposed an algorithm

simulating the molecular process in 1953 [17]. SA was 

first proposed by Kirkpatrick in 1983 [13]. Two major

Proceedings of the Fifth International Conference on Quality Software (QSIC’05) 
1550-6002/05 $20.00 © 2005 IEEE 



factors in the SA algorithm are the cooling schedule

and the definition of move. The cooling schedule

includes initial temperature, stopping temperature, the

rule of reducing temperature, and the run length at

each temperature. The SA process can be represented 

by a Markov-chain. In [1][16], it was proved that SA 

can find the global solution under certain conditions 

and the rules to define cooling schedule were given.

Several researchers have applied SA in the

clustering problem [3][5][14][19]. [5] applied SA to

evaluating effects of criteria on clustering. It was 

shown that SA was a good technique for clustering.

[14] studied the performance of SA in clustering. By

comparing with standard k-mean algorithms, Klein

stated that SA has a more reliable solution than that of

K-mean algorithms. However, SA needs more

computing time than that of K-mean algorithms. [3] 

also gave an empirical study of k-mean, GA,SA and 

TS. They also gave the similar statement as Klein did. 

TS, GA and SA were all better than K-mean methods.

However, K-mean methods normally require less

execution time.

All these studies have implemented SA in its 

original form, a one-level partition-based approach, in

which the total number of clusters must be determined

in advance. It is different from ours. Due to

application-dependent, we introduce Chi-Square

goodness-of-fit test as the termination examination. It

enables us make our SA algorithm hierarchical. Then, 

the simple splitting process works. Thus, we don’t

need to determine how many clusters we should have 

in advance. 

3. Voting Scheme for WS Group 

Testing

This section first presents data pre-processing that

converts non-numerical data into numerical data before 

voting. Then, it presents the hierarchical SA algorithm

for clustering and the Chi-square goodness fit test.

3.1. Data Pre-processing 

Outputs of WS can be numerical data, non-

numerical data, structure data or a list of data. To do 

voting, it is necessary to convert those non-numerical

data into numerical data, and the mapping needs to be 

one-to-one. WS may also have a list of data as its

output. For example a stockbroker WS may

recommend a list of stocks for its clients, the names of 

stocks as well as their ranking in the list are both

essential. But a one-to-one mapping can still be

established by using two binary data, and the voting

must be carried in two phases, one for each binary 

data. WS also can output structure data, such as 

attributes of one object. Structured data can be 

encoded as a multi-dimensional data. If the output is

complex, such as a structure data with both numerical

data and non-numerical data, it is also possible to

establish a complex one-to-one mapping into

numerical data. It is also possible to assign the weight

to each dimension to show the importance of each

dimension.  Similarly, a list of data and non-numerical

data can be mapped to numerical number one-to-one.

Numerical data has another issue. Two WS can be

treated as both correct implementations, even though

they give different outputs because their results are 

close enough. The proposed algorithm can handle

these situations.

Since it is possible to convert a non-numerical, a list

of data and structured data into numerical data the rest

of the paper assumes that the WS under test will output

numerical data only.

3.2. SA Algorithm 

Assume that m WS are under group testing, each of

which will output a simple numerical data. Certain

variances among the data are allowed. The numerical

data is pre-processed by placing it in a certain range, 

e.g., [0, 100], due to the consideration of precision.

The aim of voting is to find the most probable correct

output and thus the most probable correct WS by

clustering similar outputs of WS into the same cluster

and separating different outputs apart in different

clusters.
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Figure 1. Group testing scheme 
Figure 1 illustrates the group testing mechanism we 

implemented in a trustworthy WS broker. Assume CSn
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is a composite service consisting of n constituent

services T1, T2, ..., Tn. While CSn is performing

services, many new services, which are functionally

equivalent to a constituent service Ti in CSn, could

have been registered. Testing and ranking the new 

services are useful for the following reasons: 

If a constituent service in CSn fails or does not

meet certain requirement, the system can

immediately find the best replacement;

If a new composite service needs to be 

constructed, the ranked candidate components

are available. 

Assume the newly arrived services S1, S2, ..., Sm are 

functionally equivalent to the constituent service Ti in

CSn. The system can forward (broadcast) the input to

Ti to S1, S2, ..., Sm, as shown in Figure 1. The results

from all services are voted by the voting mechanism.

The voting mechanism also detects faults by

comparing the output of each service with the majority

output from voting. A disagreement indicates a fault.

Based on the disagreement/failure log generated by

group testing, the reliabilities individual services under 

test can also be evaluated [23]. 

Figure 2 gives the overview process of the SA

algorithm.

St

Figure 2. SA algorithm outline 
For a given test case, assume the corresponding

output set of the m WS under test is O = {O1, O2, …., 

Om}, where Oi, i = 1, 2, ..., m, is an array of k elements,

which can be interpreted as a point in a k-dimensional

space. The distance between two objects can be 

defined by the Euclidean Distance: 

d(i, j)= ||Oi-Oj||
2= (Oir –Ojr)

2, where Oir and Ojr are 

the rth element in Oi and Oj, respectively. 

The SA algorithm as following: 

1. Prepare the distance matrix between each pair

of objects;

2. Find the two objects with the minimum

distance, Namely as Omin-1 and Omin-2;

3. Find the object OMax that has the maximum

distance to one of the two objects Omin-1 and 

Omin-2;

4. Define an m-bit binary vector BV such as {0, 0, 

1,…, 1,…0}, where each bit corresponds to an

object. The BV is initially set to having two 1s

and all other bits are 0. The two 1-valued bits

correspond to Omin-1 and Omin-2, respectively 

Bits with the same value mean that

corresponding objects are in the same cluster;

5. Calculate within-cluster distance D0 and D1 as 

D0 = ),( ji BVBVd , where BVi and BVj

are ‘0’; D1 = ),( ji BVBVd , where BVi

and BVj  are ‘1’.

6. Calculate the Dt = D0 + D1; and set initial

INCUM = Dt; 

7. Setting the maximum steps MAX, rollback

table size RT, rollback times R, set temperature

decrease ratio as DQ; 
Prepare Euclidean Distance

between any objects

Finding Omin1, Omin2 and

OMax

initialize BV;

Setting MAX, RT, R and DQ

Calculate D0, D1 and DT

Set INCUM = current DT

Keep current BV

MAX Step?

Or

Reach R?

Searching Feasible Move;

Update R, if possble

Calculate change of DT

Improve DT?

Improve

INCUM?

Accept this move and

Push into Rollback Table

Update INCUM and

Keep current BV

If first time?

Calculate the

temperature T

Exp ( DT change /

T)<Random Number

Push into Reject

Table

Step=step+1

ep is times of

100

T=T* DQ

Output INCUM and stored

BV

Y

N

Y

Y N

N

Y
N

Y

N

Y

N

8. If steps reach MAX or rollback times reach R, 

then quit, the INCUM is the best sum of

within-cluster distance; BV leads to INCUM is 

the solution we need.

9. Finding the feasible move. The move changes

one bit of BV from 1 to 0 or 0 to 1, which

indicates move one object from the current

cluster to another cluster. Feasible move must

not happen to Omin-1, Omin-2 and OMax. Feasible

move is not the moves that appear in the

rollback table and reject table. If there is no

feasible move, R = R+1. And select the first

move in RT as current feasible move and

empty RT table.

10. Calculating temporal within-cluster distance

a. Feasible move is to change BVi from

0 to 1 

tempZero =  D0 – ),( ji BVBVd

tempOne = D1 + ),( ki BVBVd

b. Feasible move is to change BVi from

1 to 0 

tempZero=D0+ ),( ji BVBVd

tempOne= D1 – ),( ki BVBVd
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  where, BVj = 0 and BVk = 1; 

temp = tempZero+ tempOne

11. Calculating the Dt = Dt- temp;

12. IF Dt > 0, it is an improvement move; Dt = 

temp, push this move into RT and pop the first

item in RT if RT table is full.  If Dt < INCUM, 

INCUM= Dt, and keep the current BV as best

solution; go to step 15; if Dt <0, go to step 13;

13. If it is the first time Dt < 0, estimate the 

proper temperature T in order that the

probability of accepting bad movies in MAX

step is not very tiny. Set such probability as

0.1, T is equal to Round { Dt/ [DQMAX/100 * 

ln(0.1)]}, usually we set T as times of 10 or

100.

14. Calculating Exp ( Dt/T), and get a random

number RAN. IF Exp ( Dt/T)> RAN, We also 

accept this movie. Dt = temp, push this move

into RT and pop the first item in RT if RT table

is full; if Exp( Dt/T) < RAN, we reject this

move and push this move into Reject table;

15. Step = step +1; if step is times of 100, T=T*

DQ; go to step 8. 

The variables are temperature T, maximum steps,

roll back times and roll back steps. Maximum steps 

and roll back times control what is the end of SA.

These are set with consideration of running time or 

search steps. Usually, the more steps of SA are, the 

more precise the solution is. The more steps are, the

longer the running time is. Typically, the maximum

step is set to 10,000 steps and roll back times is set to

10.

Our experimentation shows that the algorithm

proposed can find the best solution no more than 5,000 

steps and 6 rollbacks. Rollback is the idea from Tabu 

Search [9]. It is used here to better escape from local 

optimization areas. Temperature T is an important

parameter. It has effects on precision of solution.

Temperature controls tolerance level to the bad moves.

The higher the tolerant level, the higher the chance to

avoid of being trapped into the local optimization.

However, the larger the temperature, the lower the 

convergence rate will be. A simple rule is used in the 

algorithm. It allows bad moves with no tiny chance

while close to the maximum steps. The formula is 

listed in Step 13 of the algorithm. By this simple rule,

we can set the feasible temperature to obtain good

results.

4. Chi-Square Analysis

Chi-Square goodness of fit test is used as the

termination test in our clustering algorithm.

4.1. Chi-Square Goodness of Fit Test 

Suppose we have one cluster with m data (outputs

of WS). If most WS are implemented correctly, the

data should follow the normal distribution with a mean

value and a standard deviation. The hypothesis to be 

tested is: these m data follow normal distribution with

certain mean value  and standard deviation . If these 

data pass the chi-square goodness of fit for a given

significant level , the data are proven to belong to the

same cluster. In other words, the data contained in the

cluster are from WS with almost identical nature. If the

Chi-Square test fails, the data in the current cluster are 

different enough and the cluster need to be further

divided into two clusters.

Suppose we have m data with mean value  and 

standard deviation . The algorithms sort those data in

ascending order into k bins. The number of data in the

ith bin is Obsi.

The expected value of Obsi is:

Ei = (NORM(Yi)- NORM(Yi-1))*m, where NORM

is the cumulative distribution function of normal

distribution with mean value  and standard deviation

. Yi is the upper limit of the ith bin, while Yi-1 is the

lower limit of the ith bin.

Then the Chi-value of the ith bin is

Xi = (Obsi - Ei)
2/Ei.

The algorithm sums chi-value of k bins together to

form the final chi-value. Then, the algorithm looks up

the Chi-square distribution table with significant level

 and the degree of freedom, which is (m-1). If the

Chi-value we calculate is less than the value in the

table, the Chi-square goodness-of-value test succeeds. 

Otherwise, it fails. 

4.2. Extend Chi-Square Goodness of Fit 

Test for Multi-Dimensional data 

Frequently, the outputs of WS are multi-

dimensional. The standard Chi-square goodness of fit

test cannot be directly applied. This section extends the

standard test to handle the multi-dimensional data.

A multi-dimensional datum represents a point in a 

multi-dimensional space. The data in the same cluster

are adjacent points in the space. Suppose we have a

hyper-sphere with a central point. Every other point in

its surface has the same distance from the central point. 

In a 2-dimension space, it is a circle. In a 3-dimension

space, it is a sphere. A cluster can be considered to be 

a hyper-sphere. All data in a cluster are points inside or 

on the surface of the hyper-sphere.
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In our test, we need to find the minimum sphere to

enclose n points in an m-dimensional space. Arvo

presented an algorithm to find the smallest bounding

circle for n points in a 2D space [4]. Glassner designed

a near optimal bounding sphere for any set of n points

in a 3D space with at most 5% bigger than the ideal 

minimum-radius sphere [8]. We extend Glassner's

algorithm to m-dimensional space.

Assume there are K points in an m-dimensional

space. The algorithm consists of two steps. 

1. Find the initial sphere

From each of the m dimensions, find a pair of 

points that one point has the minimum coordinate and

the other with the maximum coordinate in the

dimension. Among these m pairs, we pick the pair with

the maximum point-to-point distance. We create an 

initial sphere using this pair of points as a diameter.

The time complexity of this step is O (K). 

2. Updating the initial sphere by including the

outside points.

Add one dimension to the initial sphere to include

the maximum pair in this dimension found in step 1.

This procedure continues until all pairs are included in

the hyper-sphere. This step also takes O (m) time.

5. Experiments and Data Analyses

Extensive testing and experiments on the algorithms

have been performed. The data used comes from both

real WS group testing and synthetic data designed to

test the performance of the algorithm.

5.1. Data Collection and Analysis

We have implemented 60 different WS reporting

the stock prices based on the same business logic.

Some of them where modified to produce slightly

different results and some them are injected certain 

faults. Group testing is applied to the 60 WS and data

are collected. Table 1 lists the prices at a particular

point in time.

Table 1. Sorted experiment data
Stock

Price

Stock

Price

Stock

Price

Stock

Price

Stock

Price

Stock

Price
2.75 11.49 19.41 20.77 21.75 29.2

6.41 12.13 19.8 20.93 21.99 29.3
8.17 12.24 19.8 20.93 22.1 29.3
8.24 13.31 20.28 21.12 22.34 29.8
8.41 13.31 20.35 21.12 22.56 30.35
9.15 14.03 20.39 21.35 22.75 30.73

9.2 14.67 20.41 21.5 28.17 30.85
9.8 15.22 20.47 21.5 28.41 31.49

10.36 15.22 20.62 21.71 28.85 32.13
11.04 18.58 20.72 21.71 29.15 32.24

Applying the clustering algorithm, we obtain two

clusters of data, Cluster 0 and Cluster 1. Cluster 0 

includes data from 2.75 to 19.41, while Cluster 1 has 

the other data.

Table 2 is the Chi-Square test for Cluster 0. The 

final chi-value for cluster0 is 1.700459. The value of 

Chi-square distribution with 20 degree of freedom with

= 0.001 is 5.921. The test passes. However, the final

chi-value of cluster 1 is 50.10054. The value of Chi-

square distribution with 38 degree of freedom with =

0.001 is 16.611.  The test fails. Cluster1 is further

divided into smaller clusters, which are Cluster 1-1 and 

1-2. Cluster 1-1 has the data from 19.8 to 22.75, while

Cluster 1-2 has the others.

Table 2. Chi-square GoF test over cluster0 
bin Observer Expected Chi-value
<2 0 0.0360 0.0360

[2,5] 1 0.8498 0.0266
[5,8] 1 2.8290 1.1825
[8,11] 7 5.4389 0.4481

[11,14] 6 6.0445 0.0003
[14,17] 4 3.8837 0.0035
>=17 2 1.9181 0.0035

The Chi-value of the Cluster 1-1 is 0.5909. The

value of Chi-square distribution with 24 degree of

freedom with = 0.001 is 8.085. The Chi-value of the

Cluster 1-2 is 1.7098. The value of Chi-square

distribution with 13 degree of freedom and with =

0.001 is 2.617. Both cluster 1-1 and cluster 1-2 pass 

the test. The clustering process ends. 

Figure 3 shows the clustering process. We sort data

into 3 clusters. There is only less than 0.1% chance 

that the results are incorrect.

Cluster 1-1 

Cluster 0 Cluster 1 

Cluster 1-2 

Figure 3. Experiment result 
Cluster 0 has 21 data with mean 11.58, standard

deviation 3.96. Cluster 1-1 has 25 data with mean

21.15 and standard deviation 0.82. Cluster 1-2 has 14

data with mean 30.00 and standard deviation 1.32.

Thus, with either majority criterion or least standard

deviation, cluster 1-1 is the best. We recommend that

the stock price be expected to be 21.15.  The optimal
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solution, which we calculate, is 21.09. The relative

error rate is 0.2%. The total running time is 2.8 second. 

5.2. Simulation on Synthetic Data 

In this section, we use synthetic data to test the

algorithm. Using controlled random data generator, we

created a set of data in different data ranges and thus

forming different clusters. Each cluster of data follows

the normal distribution. We merge the data into one 

group and then apply the clustering algorithm. We

want to see if the algorithm can successfully cluster the 

data into the original clusters.

Table 3. Summary of experiments 
Index Data

Size
Data
Source

SA
Cluster

Misplaced
Data

Outline
Data

SA
roun
ds

1 10 6 7 0 1 6

2 20 7 10 0 3 9

3 30 7 10 0 3 9

4 40 7 10 0 4 10

5 50 7 11 0 6 15

6 60 7 10 0 5 10

7 70 7 9 0 3 12

Figure 4. Experiment 7: DataSize=70 
Table 3 lists the result related to seven experiments

that we performed. Take the experiment 7 as example.

Seventy data are generated. They belong to seven 

different sources or clusters. Our SA clustering

algorithms divided them into 9, instead of 7 clusters.

“Misplaced data” means that data that are from

different sources and mistakenly placed into the same

cluster. No data are misplaced. However, the

algorithms separated data from same source apart,

creating more clusters than that of expected. The 

reason is that data are randomly generated. Even

though data are from the same source, the differences

can be significant because of the big size of the source. 

When we select a few data from the source, the 

differences may become too significant to place them

into the same cluster. Thus, it makes good sense to

separate these data apart. These data are called 

minority data or outline data. We list number of them

in the ‘Outline Data’ column in the table. The number

of outline data will reduce when we sample more data

from the same source. The last column lists the rounds 

that we repeat the SA algorithm to obtain the cluster.

Figure 4 is the figure of experiment result on data size

70.

6. Summary and Conclusion 

The main contributions of the paper are follows: 1) 

We developed an effective algorithm to meet the need

of WS group testing; 2) We applied SA algorithm to

find the cluster that represent the correct WS outputs; 

3) We introduced the hierarchical clustering process 

that stops when the Chi-square goodness fit test is met.

The process doesn’t need to know the total number of 

clusters in advance, which is different from the

existing SA algorithms.4) We also extended the

standard Chi-square goodness fit test to handle multi-

dimensional data. The algorithm has been successfully

used with WS group testing and experiment data are

collected and evaluated. 
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