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Abstract 

Artificial Intelligence (AI) offers a vital role in refining the well- being of human in many areas. Recently 
in the field of face recognition, these have some limitations, exclusively when faces are in different poses or have 
different levels of illumination, or when the face is blurred. This research focuses to produce the optimal solutions 
for the face recognition. The parameter k is 6 the model produces the highest accuracy value which is 84.67% 
accuracy level. The highest precision value is 84.67% while applying the parameter  k is 1.The highest recall value 
is 86.68% which is produced by while applying the parameter k=6, the lowest recall value is 68.77% while 
applying the parameter k=9. The model takes more time to build the model when applying the parameter k=10 
and very low time consumption model is k=8 which is recommended this system for optimal solutions. 
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I INTRODUCTION 

In this section presents introduction of this research work. Inadequate software testing was estimated to cost the 
United States economy alone $59 billion in the year 2002. Software testing costs have been estimated by various 
researchers as up to 50% of total project cost with regression test cost being one-third of the overall testing cost. 
[1, 2]Given the importance of regression testing, it is not surprising that academic researchers have 
overwhelmingly focused on test case minimization, selection, and prioritization. As pointed out by   Antonio 
Bertolino software testing research has become almost synonymous with these approaches [3,4]. However, the 
uptake of these methods by industry has been very limited and exploratory testing approaches are still preferred . 

Test case minimization uses heuristics to reject unnecessary test cases across all versions of the software 
under test (SUT), while the selection problem deals with methods to minimize the test suite size for a particular 
version of the SUT. A key difference between the above two methods is that test case minimization attempts to 
once and for all minimize the test suite size (across all versions) and is an NP-complete issue requiring heuristic 
methods. The reduction is done keeping in mind certain criteria of "test adequacy" like statement coverage or 
additional statement coverage adequacy, branch coverage or additional branch coverage adequacy, etc. with 
methods such as the Graph-Walk approach, program slicing, etc. In the literature both minimization and selection 
are subsumed under the category of test case selection [5,6,7,8]. These methods can also have drawbacks ---for 
e.g., minimization can adversely affect the ability to detect faults [9,10,11]. 

Test case prioritization is involved with sequencing or ordering test cases such that some test performance 
criteria are better met, for e.g., detect faults at a faster rate as compared to the unordered original set using methods 
such as hill-climbing algorithm, genetic algorithm, greedy algorithm, etc. using coverage or FEP (Fault Exposing 
Potential) criteria .  

In this paper presents section 2 of this paper explains the detail on the related works. In section 3 presents the 
materials and methods adopted and section 4 presents the details of the experiments and discussions. Finally section 
5 concludes the paper by sharing our inferences and future plans. 

II RELATED WORKS 

In this section presents focuses the related works of this research work. A limitation of research in regression 
testing is that the majority of empirical studies have been done with programs less than 10K LoC in size and test 
suites are also correspondingly small with less than 1,000 test cases. A further limitation is that a majority of 
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empirical studies draw upon a single repository, viz. the SIR. The number of empirical evaluations of various 
approaches is still very limited, although recent years have seen greater focus in this area. Also, since many of the 
approaches especially in Test case minimization rely on heuristic methods such as the greedy algorithm, there is 
no basis to state that anyone's approach is better than another[12,13,14]. 

Although research in these areas dates back to 1977, it is only recently that attention is being focused on 
not only the benefits such as improved test results according to certain criteria but also the costs involved in 
adopting these procedures. Execution time was one of the first cost parameters to be studied [15,16]. Harman 
recommends the inclusion of other criteria such as Data Access Costs, Human Sensitive Factors (subjective 
preferences of customers, managers, testers, etc.), Business Sensitive Factors (test features related to revenue or 
market share potential), criteria based on the relevance of fault models, etc.. However, studies have not yet factored 
in the cost of developing Test Oracles [17,18,19,20,21]. 

Given the very many criteria listed above along with other test adequacy criteria, it is tempting to model 
the choice of regression testing approaches related to testing case inclusion or exclusion as the MCDM (multi-
criteria decision-making problem) or even a multi-criteria problem with multiple objectives. Indeed, several 
researchers take precisely such a route to tackle the complexity of the problem [1,8,17,18]. However, at present, 
there are no guiding principles to help select a more efficient regression test selection procedure. 

The MCDM (Multi-Criteria Decision-Making) methodology, addressed by T.L. Saaty the Analytical 
Hierarchy Process, is one such method used by several researchers. Here a complex issue is reduced into a level 
hierarchy consisting of objective, criteria, sub-criteria, along with alternatives. This methodology identifies a set 
of matrices and gives priority by comparing requirements and alternatives together. While it is widely used, 
several facets of AHP appear to be contentious, in nature. The issue of reverse ranks in general if an alternative is 
introduced or removed has been highlighted [2,9,12,13]. 

III MATERIALS AND METHODS 

In this section presents the materials and methods of this research work. In this research using CMU Face 
Images Data Set which is borrowed from UCI repository. This data consists of 640 black and white face images 
of people. This below table clearly shows that the specification of this image dataset. 

Table 1: Specifications of Images 
 

S.No Category Specifications 
1 Pose straight 

left 
right 
up 

2 Expressions neutral 
happy 
sad 
angry 

3 Eyes Wearing sunglasses 
Not Wearing sunglasses 

4 Size Different 
 

 In this research implements in Weka 3.8.1. It has 10 different image filters are presented.  
 Here apply the filter to be applied for transforming the input image.  
 These filters generate set of features in numerical format and presented in the ARFF format.  
 The data can be used for further data pre-processing or classification. 
 KNN: This instance based nearest neighborhood algorithm is implemented as KNN and is found in Lazy 

category classifier 
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IV RESULTS AND DISCUSSIONS 

In this section focuses the results and discussions of this research work. The below table clearly demonstrates that 
the Accuracy levels of K- Nearest Neighbor classifier. 
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Figure 1: Proposed System 

The above diagram clearly represents that the work flow of the proposed system to get the optimal solutions in 
the given face images dataset. 
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Table 2: Instance based classifier Vs Accuracy 

S.No K Accuracy 

1 1 82.48% 

2 2 82.43% 

3 3 77.80% 

4 4 80.42% 

5 5 76.68% 

6 6 84.67% 

7 7 68.59% 

8 8 79.18% 

9 9 80.42% 

10 10 76.68% 

 

The above table clearly shows that the instance based classifier is producing the accuracy levels are different while 
doing the parameter tuning like K parameter. In this dataset we implemented the lazy classifier while K=1 then 
the system gets an accuracy value is 82.48%, while K=2 then the system gets an accuracy value is 82.43%, while 
K=3 then the system gets an accuracy value is 77.80%, while K=4 then the system gets an accuracy value is 
80.42%, while K=5 then the system gets an accuracy value is 76.68%, while K=6 then the system gets an accuracy 
value is 84.67%, while K=7 then the system gets an accuracy value is 68.59%, while K=8 then the system gets an 
accuracy value is 79.18%, while K=9 then the system gets an accuracy value is 80.42%, while K=10 then the 
system gets an accuracy value is 76.68%. 
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Figure 2: Instance based classifier Vs Accuracy 

The above diagram shows that the highest accuracy value is 84.67% which is while applying the parameter k=6 
and the lowest accuracy value is 68.59% when apply the k=7 

Table 3: Instance based classifier Vs Precision 

S.No K Precision 

1 1 84.67% 

2 2 76.68% 

3 3 81.13% 

4 4 82.31% 

5 5 82.48% 

6 6 83.43% 

7 7 80.79% 

8 8 80.42% 

9 9 76.68% 

10 10 77.80% 
 

The above table clearly shows that the instance based classifier is producing the precision value levels are different 
while doing the parameter tuning like K parameter. In this dataset we implemented the lazy classifier while K=1 
then the system gets a precision value is 84.67%, while K=2 then the system gets a precision value is 76.68%, 
while K=3 then the system gets a precision value is 81.13%, while K=4 then the system gets a precision value is 
82.31%, while K=5 then the system gets a precision value is 82.48%, while K=6 then the system gets a precision 
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value is 83.43%, while K=7 then the system gets a precision value is 80.79%, while K=8 then the system gets a 
precision value is 80.42%, while K=9 then the system gets a precision value is 76.68%, while K=10 then the 
system gets a precision value is 77.80%. 

 

Figure 3: Instance based classifier Vs Precision 

The above diagram clearly shows that the highest precision value is 84.67% while applying the parameter k=1 
and very lowest precision value is 76.68% lies on k=2 and k=9. 

Table 4: Instance based classifier Vs Recall 

S.No K Recall 

1 1 82.42% 

2 2 74.68% 

3 3 83.67% 

4 4 78.59% 

5 5 78.18% 

6 6 86.68% 

7 7 77.79% 

8 8 84.66% 

9 9 68.77% 

10 10 75.88% 
 

The above table clearly shows that the instance based classifier is producing the recall value levels are different 
while doing the parameter tuning like K parameter. In this dataset we implemented the lazy classifier while K=1 
then the system gets a recall value is 82.42%, while K=2 then the system gets a recall value is 74.68%, while K=3 
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then the system gets a recall value is 83.67%, while K=4 then the system gets a recall value is 78.59%, while K=5 
then the system gets a recall value is 78.18%, while K=6 then the system gets a recall value is 86.68%, while K=7 
then the system gets a recall value is 77.79%, while K=8 then the system gets a recall value is 84.66%, while K=9 
then the system gets a recall value is 68.77%, while K=10 then the system gets a recall value is 78.88%. 

 

Figure 4: Instance based classifier Vs Recall 

The above diagram the highest recall value is 86.69% which is produced by while applying the parameter k=6, 
the lowest recall value is 68.76% while applying the parameter k=9.  

Table 5: Instance based classifier Vs Time  

K Time taken to build model(In Seconds) 

1 0.16 

2 0.18 

3 0.46 

4 0.22 

5 0.20 

6 0.88 

7 0.21 

8 0.11 

9 0.33 

10 1.21 
 

The above table clearly shows that the instance based classifier is taking the time consumption to build the model 
is different while doing the parameter tuning like K parameter. In this dataset we implement the lazy classifier 
while K=1 then the system takes a time consumption to build the model is 0.16 seconds, while K=2 then the 
system takes a time consumption to build the model is 0.18 seconds, while K=3 then the system takes a time 
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consumption to build the model is 0.46 seconds, while K=4 then the system takes a time consumption to build the 
model is 0.22 seconds, while K=5 then the system takes a time consumption to build the model is 0.20 seconds , 
while K=6 then the system takes an a time consumption to build the model is 0.88 seconds, while K=7 then the 
system takes an a time consumption to build the model is 0.21 seconds, while K=8 then the system takes an a time 
consumption to build the model is 0.11 seconds, while K=9 then the system takes an a time consumption to build 
the model is 0.33 seconds, and finally while K=10 then the system takes an a time consumption to build the model 
is 1.21 seconds. 

 

 

Figure 5: Instance based classifier Vs Time Consumption 

The above diagram shows that the K=10 model takes more time to build the model is which is 1.21 seconds and 
when k=8 the model takes the less time consumption which is 0.11 seconds. 

IV CONCLUSIONS 

The System concludes that the when the parameter k is 6 the model produces the highest accuracy value which is 
84.67% accuracy level. The highest precision value is 84.67% while applying the parameter  k is 1.The highest 
recall value is 86.68% which is produced by while applying the parameter k=6, the lowest recall value is 68.77% 
while applying the parameter k=9. The model takes more time to build the model when applying the parameter 
k=10 and very low time consumption model is k=8 which is recommended this system for optimal solutions. 
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