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Abstract. The object selection is an important task for instance-based classifi-
ers since through this process the size of a training set could be reduced and 
then the runtimes in both classification and training steps would be reduced. 
Several methods for object selection have been proposed but some methods 
discard relevant objects for the classification step. In this paper, we propose an 
object selection method which is based on the idea of sequential floating search. 
This method reconsiders the inclusion of relevant objects previously discarded. 
Some experimental results obtained by our method are shown and compared 
against some other object selection methods. 

1   Introduction 

In supervised classification, a training or sample set (denoted in this paper as T) con-
taining objects (previously assessed) described by a set of values (features) is used for 
classifying new objects. Commonly T contains objects with non relevant information 
for classifiers, therefore it is necessary to apply an object selection method over T in 
order to detect and retain those relevant objects for classification. 

Object selection is important for instance-based classifiers because for this kind of 
classifiers the runtime in training and classification steps depends on the size of the 
training set. Thus, through the object selection, the runtimes in both training and clas-
sification steps could be reduced since these steps are applied over an object subset S 
(S ⊂ T) instead of using the whole set T. 

Sequential search is a method used for finding a sub-optimal solution of a selection 
problem. This kind of search for selecting consists in evaluating at each step the rele-
vance of each possibility in the partial solution set. This search can be done in the 
forward or backward direction, the forward search starts with an empty solution set 
and at each step it evaluates all options and includes the best one. The backward 
search starts with the whole set and at each step it excludes the worst element. These 
sequential methods analyze at each step all possibilities for including/excluding one 
of them but they cannot exclude/include solutions previously included/excluded, this 
is possible in the sequential floating methods [5] which include/exclude solutions 
(previously excluded/included) after each inclusion/exclusion. 
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Sequential search has been used for the feature selection problem [5, 6] and  
extended for the object selection problem in [3]. 

In this paper, we propose a sequential method for object selection. Our method  
re-considers the inclusion to S of relevant objects previously discarded in the selection 
process, so that S would include those objects that contribute for improving the  
quality in S.  

This paper has been structured as follows: in section 2 we describe some relevant 
object selection methods. In section 3 we introduce our object selection method, in 
section 4 we report comparative results obtained by our method and other object se-
lection methods. Finally, in section 5 conclusions and future work are given. 

2   Related Work 

One of the first proposed methods for object selection is the ENN (Edited Nearest 
Neighbor) [1]. This method is commonly used as noise filter because it deletes noisy 
objects, that is, objects with a different class in a neighborhood. The ENN rule con-
sists in discarding from T those objects that do not belong to their k nearest neighbors’ 
class.  

In [2] the DROP (Decremental Reduction Optimization Procedure) methods were 
proposed. The selection criterion in DROP methods is based on the concept of asso-
ciate. The associates of an object O are those objects such that O is one of their k 
nearest neighbors. DROP1 starts with S=T and discards the object O if its associates 
in S can be classified correctly without O. DROP2 considers the effect of the removal 
of an object on T, DROP2 discards O if its associates in T can be classified correctly 
without O. DROP3 and DROP4 apply a noise filter (similar to ENN) before starting 
the selection process. Finally, DROP5 modifies DROP2 so that the selection process 
starts with the nearest enemies (nearest objects with different class). 

The sequential search has been used for selecting objects. In [3] the BSE (Back-
ward Sequential Edition) method was proposed. BSE applies the backward sequential 
search to the object selection problem. This method sequentially analyzes the rele-
vance of each object in the partial object subset and at each step BSE discards the ob-
ject that its deletion maximizes the classification accuracy. This selection process is 
repeated until the accuracy decreases. BSE is an expensive method since at each step 
it analyzes the impact of excluding each object in the sample. 

In [4] the edition schemes ENN+BSE and DROP+BSE were proposed. These 
schemes apply a pre-processing step before the selection process using BSE so that 
BSE is used over previously reduced object sets. ENN and DROP3,…,DROP5 meth-
ods are used by ENN+BSE and DROP+BSE respectively in the pre-processing step. 

3   Proposed Method 

Our object selection method is based on the idea of the Sequential Floating Selection 
(SFS) [5], which reconsiders the inclusion/exclusion (in the partial subset) of objects 
previously discarded/included. SFS consists in applying conditional inclu-
sion/exclusion steps after each exclusion/inclusion in the set. This kind of search (as 
sequential search) can be done in the backward and forward directions. 



696 J.A. Olvera-López, J.F. Martínez-Trinidad, and J.A. Carrasco-Ochoa 

The backward SFS consists in applying after each exclusion step a number of in-
clusion steps as long as the classification results are better than the previously evalu-
ated ones. The forward SFS is the counterpart of backward SFS. These floating 
searches are very expensive therefore we propose an object selection method based on 
the backward SFS but in a restricted way. 

Our method named Restricted Floating Object Selection (RFOS) applies an exclu-
sion process followed by the conditional inclusion of discarded objects. The RFOS 
method is shown in figure 1. 

 

RFOS (Training sample T)  
 Let S= subset obtained after applying ENN or DROPs over T 
 Best_val =Classif(S)    
 Repeat                               //exclusion process 
  Worst=null 
 For each object O in S 
    S’=S-{O} 
              Eval = Classif(S’) 
    If Eval ≥ Best_val  
         Worst=O 
         Best_val=Eval 
 If Worst ≠ null  
       S=S-{Worst} 
 Until Worst==null or |S|==1 
 D=T-S   
 For each object Oi in D //conditional inclusion  
     S’’ = S ∪ {Oi} 
     Eval = Classif(S’’) 
     If Eval >Best_val 
          Best_val = Eval 
          S=S ∪ {Oi} 
 Return S 
 

 

Fig. 1. RFOS method for object selection 

RFOS starts applying a pre-processing step followed by the exclusion process and 
finally the conditional inclusion is applied over the object set previously selected  
(S, S⊂T). The exclusion step sequentially discards objects in the partial set. This step 
analyzes the classification contribution of each object and at each step it excludes the 
object (Worst) with the smallest contribution for the subset quality, in terms of the 
accuracy of a classifier, which is calculated by the Classif function. 

The selection process in RFOS consists in analyzing (conditional inclusion) the ob-
jects discarded from T (objects in the set D=T-S) for including in S those objects that 
their inclusion improves the classification, that is, an object O∈D is included in S 
only if the classification obtained using S ∪ {O} is better than the obtained using S. 

To know whether the classification after the inclusion is better or not, RFOS uses a 
classifier (Classif function in figure 1) to evaluate the quality of the sets. 

In this work we use ENN or DROP methods for the pre-processing step but any 
other object selection method can be used for that step. 
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The RFOS is a restricted floating search method because first it applies only an ex-
clusion process followed by the conditional inclusion. This restricted floating method 
can be done in the inverse direction (RFOS-Inv), that is, first applying an inclusion 
process followed by the conditional exclusion. The RFOS-Inv method is shown in 
figure 2. 

 

RFOS-Inv (Training sample T)  
 Let S= subset obtained after applying ENN or DROPs over T 
 Best_val =Classif(S) 
 D=T-S   
 For each object O in D // inclusion process 
     S’ = S ∪ {O} 
     Eval = Classif(S’) 
     If Eval >Best_val 
          Best_val = Eval 
          S=S ∪ {O} 
 Best_val =Classif(S)   //conditional exclusion 
 Repeat 
  Worst=null 
 For each object O in S 
    S’’=S-{O} 
 Eval = Classif(S’’) 
    If Eval ≥ Best_val  
         Worst=O 
         Best_val=Eval 
 If Worst ≠ null  
       S=S-{Worst} 
 Until Worst==null or |S|==1 
 Return S 
 

 

Fig. 2. RFOS-Inv method for object selection 

4   Experimental Results 

In this section, we show the results obtained by RFOS and RFOS-Inv over nine data-
sets obtained from the UCI repository [7] and compare them against ENN+BSE and 
DROP+BSE methods.  

In all the tables shown in this section, for each method, we show the classification 
accuracy (Acc.) and the percentage of the original training set that was retained by 
each method (Str.), that is 100|S|/|T|. In addition, we show the classification obtained 
using the original training set (Orig.) and the average results over the nine datasets at 
the bottom. Also we show the average accuracy difference (Average diff) with respect 
to the original accuracy. In all the experiments 10 fold cross validation was used. 

The results obtained by ENN+BSE and DROP+BSE methods over the datasets are 
shown in table 1. In table 2 we report the results obtained by RFOS using ENN and 
DROP methods in the pre-processing step. In table 2, RFOS(ENN) is the RFOS 
method using ENN for the pre-processing step and by analogy for RFOS(DROP3),…, 
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RFOS(DROP5), the DROP3,…DROP5 methods were respectively used. Table 3 
shows the results obtained applying RFOS-Inv method. In tables 1-3 we used as dis-
tance function the Heterogeneous Value Difference Metric (HVDM) [2]. 

Table 1. Classification (Acc.) and retention (Str.) results obtained by: original sample (Orig.), 
ENN+BSE and DROP3+BSE…DROP5+BSE methods 

Orig. ENN+BSE DROP3+BSE DROP4+BSE DROP5+BSE 
Dataset 

Acc. Str. Acc. Str. Acc. Str. Acc. Str. Acc. Str. 

Bridges 37.91 100 30.27 51.27 35.45 8.42 36.72 12.02 35.81 14.79 

Glass 71.42 100 69.41 21.81 59.78 14.95 59.78 17.18 54.24 15.21 

Iris 93.33 100 93.00 8.00 88.00 6.42 88.00 6.64 89.33 6.39 

Liver 65.22 100 57.67 26.69 59.77 10.91 61.21 12.36 54.95 11.75 

Sonar 86.19 100 71.19 27.24 81.42 12.60 84.83 14.79 84.30 15.17 

Tae 51.08 100 46.66 43.85 47.70 14.93 50.00 18.17 46.66 20.08 

Thyroid 95.45 100 93.09 5.63 91.19 4.28 91.16 4.39 88.29 3.51 

Wine 94.44 100 92.74 8.17 96.07 5.05 96.07 5.05 96.07 4.43 

Zoo 91.33 100 91.11 12.59 77.77 11.72 77.77 11.97 83.33 7.76 
           

Average 76.26 100 71.68 22.81 70.79 9.92 71.73 11.40 70.33 11.01 

Average diff -4.58  -5.47  -4.54  -5.93  

Table 2. Classification (Acc.) and retention (Str.) results obtained by RFOS  

Orig. RFOS(ENN) RFOS(DROP3) RFOS(DROP4) RFOS(DROP5) 
Dataset 

Acc. Str. Acc. Str. Acc. Str. Acc. Str. Acc. Str. 

Bridges 37.91 100 32.00 58.33 36.45 15.61 35.45 18.29 35.81 24.33 

Glass 71.42 100 69.43 29.34 64.48 25.75 65.41 27.46 67.74 26.11 

Iris 93.33 100 93.33 10.07 93.00 9.92 93.33 10.29 93.33 10.00 

Liver 65.22 100 59.98 33.68 61.70 16.94 65.00 18.39 60.03 19.64 

Sonar 86.19 100 72.57 32.27 84.64 21.58 83.52 20.88 83.73 22.59 

Tae 51.08 100 50.70 48.88 47.70 25.45 50.00 27.29 53.33 31.34 

Thyroid 95.45 100 94.04 7.02 93.98 6.25 94.45 6.77 90.47 5.94 

Wine 94.44 100 93.63 10.23 94.44 8.17 94.44 8.17 93.85 8.30 

Zoo 91.33 100 91.33 71.14 91.33 14.81 91.33 14.69 91.11 14.93 
           

Average 76.26 100 73.00 33.44 74.19 16.05 74.77 16.91 74.38 18.13 

Average diff -3.26  -2.07  -1.49  -1.89  

Table 3. Classification (Acc.) and retention (Str.) results obtained by RFOS-Inv  

Dataset Orig. RFOS-Inv(ENN) RFOS-Inv(DROP3) RFOS-Inv(DROP4) RFOS-Inv(DROP5) 

 Acc. Str. Acc. Str. Acc. Str. Acc. Str. Acc. Str. 

Bridges 37.91 100 30.54 25.06 35.54 13.23 35.09 16.12 35.54 18.08 

Glass 71.42 100 58.35 19.47 43.50 23.36 54.95 20.77 55.49 16.45 

Iris 93.33 100 80.66 5.33 92.66 7.18 92.00 7.25 86.00 6.29 

Liver 65.22 100 58.84 21.80 59.75 19.25 61.20 20.58 60.30 19.54 

Sonar 86.19 100 71.14 16.77 68.26 18.58 70.66 21.20 68.76 22.49 

Tae 51.08 100 50.97 14.27 46.66 20.27 45.54 31.86 54.20 30.17 

Thyroid 95.45 100 88.83 3.82 94.55 4.85 93.03 5.27 86.96 4.18 

Wine 94.44 100 90.00 4.36 88.23 5.18 89.44 5.36 91.04 4.43 

Zoo 91.33 100 91.11 15.92 90.00 13.58 78.88 13.45 80.00 14.19 
           

Average 76.26 100 68.94 14.09 68.79 13.94 68.98 15.76 68.70 15.09 

Average diff -7.33  -7.47  -7.29  -7.56  
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The runtimes of the experiments reported in tables 1-3 are shown in table 4. Based 
on the average results, we can observe that because of the inclusion/exclusion steps in 
RFOS and RFOS-Inv, their runtimes are higher than the ENN+BSE and DROPs+BSE. 

Table 4. Runtimes (in seconds) spent by the methods shown in tables 1-3 

Dataset ENN+BSE DROP3+BSE DROP4+BSE DROP5+BSE RFOS 
(ENN) 

RFOS 
(DROP3)

RFOS 
(DROP4)

RFOS 
(DROP5)

RFOS-Inv
(ENN) 

RFOS-Inv
(DROP3)

RFOS-Inv 
(DROP4) 

RFOS-Inv 
(DROP5) 

Bridges 595.3 8.3 13.5 8.6 608.4 31.4 37.1 30.9 379.8 35.4 69.8 38.7 

Glass 540.0 14.7 28.0 14.2 545.3 27.0 35.8 25.7 215.6 59.8 46.1 33.7 

Iris 420.1 4.5 3.8 2.1 426.9 9.9 9.1 6.3 482.1 7.5 7.9 8.0 

Liver 1203.8 68.3 48.9 63.8 1214.0 95.8 74.0 91.5 1211.9 87.6 124.9 120.6 

Sonar 1496.8 64.1 65.5 60.3 1509.6 109.6 85.3 83.6 1512.0 142.1 140.7 183.7 

Tae 49.6 7.9 13.4 12.8 50.3 11.4 16.5 17.9 55.7 15.3 22.3 26.5 

Thyroid 1381.6 2.8 2.2 2.5 1393.1 12.7 11.3 12.8 1140.2 11.4 12.9 12.2 

Wine 960.4 5.0 5.3 3.8 969.7 13.7 14.1 12.4 905.7 12.6 14.1 13.5 

Zoo 1380.6 6.3 6.5 6.0 1402.9 18.9 15.5 20.4 1020.6 13.1 16.3 17.3 

Average 892.02 20.21 20.79 19.34 902.24 36.71 33.19 33.50 769.29 42.76 50.56 50.47 

The classifier used in the results shown in tables 1-3 was k-NN (k=3). The average 
results reported in tables 1-3 are depicted in figure 3, which shows a scatter graphic of 
retention (vertical axis) versus accuracy (horizontal axis). On this graphic, the most 
located at right the best classification accuracy and the most located at bottom the best 
retention percentage. 

Based on results shown in tables 1-3 and figure 3, we can observe that RFOS out-
performed to RFOS-Inv because this method discards relevant objects in the final ex-
clusion step. In addition, the accuracy obtained by RFOS is better than the obtained 
by ENN+BSE and DROP+BSE schemes; this is because RFOS includes relevant ob-
jects discarded in the exclusion steps. As a consequence of the final inclusion step, the 
object sets obtained by RFOS are slightly bigger than those obtained by RFOS-Inv, 
ENN+BSE and DROP+BSE. In this experiment the best accuracy was obtained by 
RFOS(DROP4) in the average case (figure 3).  
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Fig. 3. Scatter graphic from results obtained in tables 1, 2 and 3 
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In the above results the classifier used was k-NN, but it is important to know the 
performance of the proposed object selection methods using other classifiers. There-
fore we applied RFOS (the best restricted floating method in above experiments) and 
ENN+BSE, DROP+BSE using LWR (Locally Weighted Regression) and SVM (Sup-
port Vector Machines) classifiers during the selection process (notice that RFOS, 
ENN+BSE and DROP+BSE allow us to use any classifier different from k-NN in the 
selection process). In this experiment we have tested only numeric datasets because 
the classifiers are restricted to this kind of data. 

Table 5. Classification (Acc.) and retention (Str.) results obtained by: original sample (Orig.), 
ENN+BSE and DROP3+BSE…DROP5+BSE methods using LWR 

Orig. ENN+BSE DROP3+BSE DROP4+BSE DROP5+BSE Dataset 
Acc. Str. Acc. Str. Acc. Str. Acc. Str. Acc. Str. 

Glass 57.85 100 56.84 50.26 50.71 20.83 55.18 25.54 53.72 21.97 

Iris 98.00 100 96.66 20.74 88.00 10.88 88.66 11.18 88.66 8.14 

Liver 70.12 100 66.33 31.51 70.99 17.13 68.08 19.00 68.68 16.58 

Sonar 64.40 100 65.36 73.29 63.98 21.37 69.26 28.26 63.88 25.21 

Thyroid 91.16 100 57.84 51.06 86.10 19.22 87.03 23.66 89.78 18.04 

Wine 92.15 100 88.88 57.50 90.96 14.10 88.20 14.10 88.28 9.36 

Average 78.95 100 71.99 47.39 75.12 17.26 76.07 20.29 75.50 16.55 

Average diff -6.96  -3.82  -2.88  -3.45  

Table 6. Classification (Acc.) and retention (Str.) results obtained by RFOS using LWR 

Orig. RFOS(ENN) RFOS(DROP3) RFOS(DROP4) RFOS(DROP5) Dataset 
Acc. Str. Acc. Str. Acc. Str. Acc. Str. Acc. Str. 

Glass 57.85 100 57.79 52.18 53.30 25.13 58.33 26.26 54.54 27.09 

Iris 98.00 100 97.33 22.00 96.00 13.40 95.33 13.77 95.33 10.00 

Liver 70.12 100 66.34 37.61 73.31 18.64 71.27 21.22 71.30 18.77 

Sonar 64.40 100 66.81 74.36 71.00 31.94 65.35 25.96 68.78 30.12 

Thyroid 91.16 100 58.66 51.99 91.21 22.58 91.62 25.93 91.19 19.90 

Wine 92.15 100 90.62 58.75 90.98 16.22 90.58 16.22 90.73 16.15 

Average 78.95 100 72.93 49.48 79.30 21.32 78.75 21.56 78.65 20.34 

 -6.02  0.35  -0.20  -0.30  

0

20

40

60

80

100

65 70 75 80

Accuracy

S
to

ra
g

e

Orig.

ENN+BSE

DROP3+BSE

DROP4+BSE

DROP5+BSE

RFOS(ENN)

RFOS(DROP3)

RFOS(DROP4)

RFOS(DROP5)

 

Fig. 4. Scatter graphic from results obtained using LWR 
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In tables 5 and 6 we show the accuracy and retention results obtained using the LWR 
classifier and the average scatter graphic from these results is depicted in figure 4. 

Based on tables 5 and 6 we can observe that in all cases RFOS outperformed 
ENN+BSE and DROP+BSE methods. Figure 4 shows that in the average case, the 
best method using LWR was RFOS(DROP3) and the accuracy obtained by the other 
RFOS(DROP) methods was slightly lower than the obtained by the original set.  

Also the SVM classifier was used for testing RFOS, ENN+BSE and DROP+BSE 
methods. These results are shown in tables 7-8 and the average results are depicted in 
figure 5.  

Table 7. Classification (Acc.) and retention (Str.) results obtained by: original sample (Orig.), 
ENN+BSE and DROP3+BSE…DROP5+BSE methods using SVM 

Orig. ENN+BSE DROP3+BSE DROP4+BSE DROP5+BSE Dataset 
Acc. Str. Acc. Str. Acc. Str. Acc. Str. Acc. Str. 

Glass 65.34 100 66.82 40.82 61.31 17.29 64.87 23.73 61.90 15.42 

Iris 96.00 100 96.00 8.89 93.33 3.70 94.00 4.07 94.67 3.33 

Liver 69.91 100 69.88 35.31 62.07 17.61 65.84 14.90 63.80 20.32 

Sonar 79.38 100 78.60 58.07 72.83 13.68 74.48 14.42 71.57 15.12 

Thyroid 72.61 100 72.61 7.23 68.34 3.20 68.20 3.36 67.27 3.31 

Wine 97.18 100 96.63 21.68 93.89 3.62 94.97 3.87 92.09 2.75 

Average 80.07 100 80.09 28.67 75.30 9.85 77.06 10.73 75.22 10.04 

Average diff 0.02  -4.78  -3.01  -4.85  

Table 8. Classification (Acc.) and retention (Str.) results obtained by RFOS using SVM 

Orig. RFOS(ENN) RFOS(DROP3) RFOS(DROP4) RFOS(DROP5) Dataset 
Acc. Str. Acc. Str. Acc. Str. Acc. Str. Acc. Str. 

Glass 65.34 100 69.18 43.24 62.26 20.16 64.95 25.50 63.87 20.14 

Iris 96.00 100 96.00 9.78 93.33 4.14 94.00 4.14 94.67 3.70 

Liver 69.91 100 69.83 47.68 62.95 20.52 67.03 19.62 67.83 21.71 

Sonar 79.38 100 78.90 58.19 74.42 15.48 74.48 14.90 73.16 16.86 

Thyroid 72.61 100 72.61 8.16 69.07 5.42 69.23 3.77 69.59 5.78 

Wine 97.18 100 96.75 22.75 95.55 5.80 95.55 5.86 92.64 4.80 

Average 80.07 100 80.55 31.63 76.26 11.92 77.54 12.30 76.96 12.17 

Average diff 0.47  -3.81  -2.53  -3.11  
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Fig. 5. Scatter graphic from results obtained using SVM 
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According to the results reported in tables 7 and 8, we can notice that using the 
SVM classifier, in all the experiments, again RFOS outperformed the ENN+BSE and 
DROP+BSE schemes. Figure 5 shows that the best accuracy results using this classi-
fier were obtained by RFOS(ENN). 

Based on the results shown in this section, we can observe that the proposed meth-
od obtain smaller subsets (with respect to the original size set ) without a significantly 
accuracy reduction. The main benefit of using the subsets obtained is the reduction in 
training and classification stages for instance-based classifiers. 

5   Conclusions 

Object selection is an important task for instance-based classifiers since through this 
process the training set is reduced and also the runtimes in classification and training 
steps.  

Several object selection methods which sequentially discard objects have been pro-
posed, for example, the edition schemes ENN+BSE and DROP+BSE. It is possible that 
during the selection process, these methods remove relevant objects for the classifica-
tion accuracy. In this work, we proposed the RFOS method which is an object selection 
method that includes those relevant objects discarded by the edition schemes.  

The experiments show that RFOS outperforms RFOS-Inv, ENN+BSE and 
DROP+BSE (not only for k-NN but also for LWR and SVM), that is, the inclusion of 
some discarded objects helps to improve the classification. 

RFOS is a restricted floating sequential method because it applies only an exclu-
sion process followed by the conditional inclusion, therefore, as future work we will 
adapt a full floating sequential search for solving the object selection problem. 
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