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Abstract Prototype classifiers have been studied for

many years. However, few methods can realize incremental

learning. On the other hand, most prototype classifiers

need users to predetermine the number of prototypes;

an improper prototype number might undermine the

classification performance. To deal with these issues, in the

paper we propose an online supervised algorithm named

Incremental Learning Vector Quantization (ILVQ) for

classification tasks. The proposed method has three contri-

butions. (1) By designing an insertion policy, ILVQ incre-

mentally learns new prototypes, including both between-

class incremental learning and within-class incremental

learning. (2) By employing an adaptive threshold scheme,

ILVQ automatically learns the number of prototypes needed

for each class dynamically according to the distribution of

training data. Therefore, unlike most current prototype

classifiers, ILVQ needs no prior knowledge of the number

of prototypes or their initial value. (3) A technique for

removing useless prototypes is used to eliminate noise

interrupted into the input data. Results of experiments show

that the proposed ILVQ can accommodate the incremental

data environment and provide good recognition performance

and storage efficiency.

Keywords Learning vector quantization � Incremental

learning � Adaptive threshold � Classification compression

ratio

1 Introduction

Prototype based method [11] is a class of powerful tools in

classification family. It searches for a set of representative

prototypes that reflects the distribution in original data

space. Then the label of a test sample, usually called query,

is defined by the previously generated set of prototypes [6]

shows that the error rate of prototype based classifiers is at

most twice of Bayes error rate. Therefore, Prototype based

method has been widely used in object classification [31],

visualization recognition system [32, 30], optimization

[12], and subspace learning [26].

Nearest Neighbor Classifier (NNC) [4] is the most

famous prototype classifier. It applies all samples in

training set as prototypes. NNC works well on large

training set. But a trivial consequence of NNC is the large

size of prototype sets that aggravates the computation

burden. What’s worse, the performance of NNC decreases

rapidly if some noisy samples are interrupted in the training

set. According to this, some different ways [7, 10, 13, 18,

20, 23, 25, 28] of learning prototypes have been proposed

recently.

But all these typical prototype classifiers have some

shortcomings. (1) Almost all of the reported prototype

classifiers can not accommodate an incremental dataset.

The learning effect will be very poor when it is used for

incremental applications. (2) A user must initialize the

number and value of the prototypes; the number of proto-

types for each class is predetermined arbitrarily. Under

many circumstances, we are not able to avail the prior
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knowledge about the distributions of data from each class.

Therefore, the learning performances will be affected by

improper initial values. More importantly, online learning

can not be achieved because many people often initialize

them with partial training samples. (3) Many prototype

classifiers can not cope with the noises that are interrupted

into the training patterns. Thus it is very likely for such

methods to learn a prototype from noise data.

As described herein, we propose a supervised method

named Incremental Learning Vector Quantization (ILVQ)

to cope with the shortcomings of those typical prototype

classifiers. The primary contribution of ILVQ is to realize

an incremental learning task in the meanings of within-

class incremental learning and between-class incremental

learning. Within-class incremental learning means that the

prototype set learns new knowledge incrementally within

the same class, whereas between-class incremental learning

means that it incrementally learns new knowledge that

comes from a new incoming class. In other words, ILVQ

not only incrementally learns prototypes within a class

(within-class incremental learning); it also incrementally

learns the number of classes during training (between-class

incremental learning). Another contribution is that ILVQ

needs not users to predetermine the number or value of

prototypes before learning. The proposed ILVQ can grow

dynamically, learning the number of prototypes for each

class needed to solve a current issue and adjusting the

number and value of prototypes during training. The third

contribution of ILVQ is to eliminate the noise from input

data. Consequently, the noise or outliers among input

patterns in the training set will have little influence on the

ILVQ performance.

We organize the rest of this paper as follows. In Sect. 2,

we briefly introduce the related works. ILVQ is proposed in

Sect. 3. In Sect. 4, we do some experiments to compare

ILVQ with other prototype classifiers to show the effec-

tiveness of our approach. That section also highlights

that ILVQ can be used in incremental learning. Finally in

Sect. 5, we conclude the paper.

2 Related work

Prototype classifier relies on a set of appropriately chosen

prototypes. How to choose prototypes is the key issue for

prototype classifiers. According to it, prototype classifiers

can be categorized into two classes. One class of prototype

methods is classifier based on condensing scheme [5].

Condensing scheme focuses on finding representative

prototypes that reflect the distribution of original samples.

This scheme improves the generalization capacity and

storage efficiency of classifiers. A simple reported con-

densing scheme method is K-Means Classifier (KMC) [10].

It is based on k-means prototypes positioning with 1-NN

rule. Learning Vector Quantization (LVQ) [13], along with

some LVQ family methods such as Generalized Learning

Vector Quantization (GLVQ) [23], takes advantage of class

information to move the prototype vectors, in order to

improve the quality of the classifier decision region. Mol-

lineda et al. [18] adopt geometric property and clusters to

search a condensed set of prototypes. Pekalska and Duin

[20] extract prototypes from proximity-based representa-

tion space.

Another class of methods is classifier based on editing

scheme. Editing scheme aims at removing useless proto-

types that are likely to be outliers and detecting prototypes

located in the overlap among classes. This scheme is good

at eliminating prototypes in low probability density

regions. Thus it handles noisy data environment effectively

and avoids overfitting. Some editing scheme based classi-

fiers have been proposed. For instance, Wilson editing

classifier [28] removes all examples that have been mis-

classified by 1-NN rule from training sets. Eick et al. [7]

propose a editing scheme using supervised clusters. Near-

est Subclass Classifier (NSC) [25] applies a technique to

merge prototypes based on a defined variance constraint

parameter.

Our work also relates to incremental learning classifiers

[21] is the first reported incremental learning algorithm

which incrementally train an ensemble of classifiers. Dur-

ing the pass few years, incremental learning classifiers have

attracted many attentions [3] and been put into wide

applications [14, 22]. However, to the best of our knowl-

edge, few prototype classifiers can fulfill incremental

learning. Therefore, it is desirable to design a prototype

classifier to fulfill incremental learning task.

3 Incremental learning vector quantization

As mentioned in Sect. 1, we try to propose a method to

cope with the shortcomings of those typical prototype

classifiers. Here, we summarize the targets of the proposed

ILVQ as follows:

– To realize incremental learning task including within-

class incremental learning and between-class incre-

mental learning.

– To fulfill supervised classification task without using

prior knowledge such as the total number of prototypes,

the amount of prototypes for each class, and the initial

values of them.

– To eliminate the negative effect imposed by unreason-

able initialization and probable noise in training set.

To fulfill the goals above, we propose the ILVQ as

follows. The overall learning process is shown in Fig. 1.
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At the beginning of the algorithm, we use the first two

incoming samples to initialize the prototype set. For every

incoming data x, we first justify whether x belongs to a

class that has never been learned before. If x is from a new

class, we accept it as a new prototype to fulfill between-

class incremental learning. Otherwise, we find the ‘‘win-

ner’’ and ‘‘runner-up’’ prototypes based on the following

equations:

winner ¼ argminwc2Gkx� wck ð1Þ
runnerup ¼ argminwc2Gnfwinnergkx� wck ð2Þ

Therein, G is the set of prototypes.

If a certain insertion condition satisfies, we still insert

x into prototype set to fulfill within-class incremental

learning.

Otherwise, if the insertion condition doesn’t satisfy, we

update the topological relationships and the values of the

learned prototypes by input data x. The detailed procedure

will be shown later.

For every several learning epoches, we design a con-

densing scheme to detect the prototypes in low probability

density region. Because such prototypes are very likely to

be learned from noise patterns, the scheme is helpful to

delete those noise prototypes.

In the rest of the section, we analyze ILVQ algorithm in

detail. And we will focus on several key issues. (1) Design

a policy to decide when and how to incrementally learn and

update prototypes. (2) Propose an adaptive threshold

technique to automatically learn the proper number of

prototypes without any prior knowledge. (3) Apply a

condensing scheme to remove the useless prototypes that

are very likely to be noises or outliers.

3.1 Incrementally learn and update prototypes

In order to fulfill the incremental learning task, ILVQ

ought to grow dynamically. For that reason, we must insert

proper prototypes into the prototype set gradually. How-

ever, a permanent insertion policy should not be taken: it

might result in interminable insertion and overfitting.

Instead, we must decide when and how to insert a new

prototype and when insertion is to be stopped. To fulfill

between-class incremental learning, a pattern from new

classes that has not been learned before should be inserted

into the prototype set. This policy enables ILVQ to learn

prototypes from different classes.

To fulfill within-class incremental learning, we consider

the distance between input pattern x and learned prototypes

when determining whether a new prototype ought to be

inserted. For patterns from learned classes, we first find the

two prototypes ‘‘winner’’ and ‘‘runner-up’’ that are nearest

to the input pattern x based on (1) and (2). If the distance

between x and ‘‘winner’’ prototype is large, it is very likely

that pattern x locates in the border rather than in the center

of a class. Border prototypes are more effective than cen-

tral prototypes in classification tasks [29]. Therefore, in this

case we insert x as a new prototype. Here, we use a

threshold T to make the decision: if |wwinner - x| [ T, we

insert x. To not miss useful border prototypes, we also

consider the distance between x and ’’runner-up’’

Fig. 1 The overall learning

process of ILVQ
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prototype. It is because that in this case (the distance

between x and ’’runner-up’’ is large), x is still very likely to

locate in the border of a class. To sum up, the insertion

operation can be conducted when the distance between

x and wwinner is larger than a certain threshold or when the

distance between x and wrunnerup is larger than the threshold

of the runner-up.

ðkwwinner � xk[ TwinnerÞ _ ðkwrunnerup � xk[ TrunnerupÞ
ð3Þ

This insertion scheme ensures that ILVQ fulfill between-

class and within-class incremental learning.

As discussed in the beginning of this section, pattern x is

used to update the learned prototypes if the insertion con-

dition does not satisfy. In ILVQ, we improve the compet-

itive learning rule proposed by Kohonen [13] to update the

value of prototype vectors. The ‘‘winner’’, which is closest

to the input pattern x, will be moved based on the input

pattern. However, simply moving the winner prototype is

insufficient to obtain a sound learning result. Based on the

assumption that the prototypes in the neighbor region of

winner whose label differs from the winner’s are likely to

be noise interrupting the prototype set, we update these

prototypes as well. First, we divide the prototypes in the

neighbor region of the winner into two sets C1 and C2

according to their label values (Therein, the neighbor

region of a prototype s means all the prototypes which are

connected with s). The prototypes that have the same label

as x are put into C1, while the remaining prototypes are put

into C2. We update the value of prototypes in this way:

when labelwinner ¼ labelx, we update the value of winner

and prototypes in set C2, but don’t update the prototypes

in C1. In this case, the direction that these prototypes

move will differ from the winner: if the winner is moved

towards x, these prototypes will be moved far from

x. Therefore, the distance between each prototype in C2

and the winner will be larger, which is beneficial for us to

distinguish patterns from different classes. Otherwise, if

labelwinner 6¼ labelx, we only update the winner and move

those prototypes in C1 with the same direction as the

‘‘winner’’ prototype.

3.2 Learn proper prototype number by an adaptive

threshold

As discussed in Sect. 3.1, the distance threshold is impor-

tant in the algorithm. It determines whether an input pattern

should be inserted into the prototype set or not: if the

distance between an input pattern x and the ‘‘winner’’ is

larger than the distance threshold of winner Twinner or the

distance between x and ‘‘runner-up’’ is larger than Trunnerup,

we will insert x as a new prototype.

Because the prototype set is growing gradually, the

threshold should not be fixed as the accuracy control

threshold in Adaptive Resonance Theory [2]; otherwise the

prototypes in the prototype set might increase endlessly. In

ILVQ, we design a self-adaptive distance threshold tech-

nique. The threshold is self-adjustable rather than fixed

constantly. We adjust the value of Ti when prototype

i becomes the ‘‘winner’’ or ‘‘runner-up’’ of an incoming

pattern.

The distance threshold Ti of prototype i ought to be less

than the between-class distance of i to distinguish the

prototypes from different classes, and larger than the

within-class distance of i to avoid ruling out potential

useful prototypes in the prototype set. To realize this pol-

icy, we set the average distance between i and other pro-

totypes in its neighborhood that have the same label with

i as i’s within-class distance, and set the minimum distance

between i and prototypes in i’s neighborhood whose labels

differ from i’s as the between-class distance.

In Algorithm 1, we specifically state the algorithm used

to compute the distance threshold Ti of prototype i.

Algorithm 1 Compute the Distance Threshold Ti

1: Compute the within-class distance Tiwithin
by

Tiwithin
¼ 1

Nlabeli

P
ði;jÞ2E

V
labeli¼labelj

kwi � wjk.

2: Find the minimum between-class distance

Tibetween
¼ minðk1 ;iÞ2E

V
labeli 6¼labelk1

kwi � wk1
k.

3: if Tibetween
\Tiwithin

then

4: Set Tibetween
with the second minimum between-class distance:

5: Tibetween
¼ minðk2 ;iÞ2E

V
labeli 6¼labelk2

V
k1 6¼k2

kwi � wk2
k.

6: end if

7: Go to step 2 to update Tibetween
until Tibetween

is no less than Tiwithin
.

8: Set Ti ¼ Tibetween
.

9: return Ti

3.3 A condensing scheme to denoise

Training sets often contain noise. However, many classi-

fication methods ignore to take any efforts to handle those

probable noise patterns that are interrupted into training

sets. Therefore, the learning performance will be affected

to some extent. In the proposed ILVQ, we design a con-

densing scheme to cope with the probable noise patterns.

From the discussion presented in [24], establishing a

reasonable topological structure is beneficial for us to

detect noise in the prototype set. We apply the topological

representing rule [16] taken by Martinetz to connect two

prototypes when they become the ‘‘winner’’ and the
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‘‘runner-up’’ of an incoming pattern, as introduced in Sect.

3.1. Under an online environment, the prototypes in the

prototype set can not remain their neighbor relation con-

stantly. The prototypes that are neighboring at an early

stage will not be neighboring at a more advanced stage.

Therefore, it is necessary to remove connections that have

not been updated recently.

The prototypes that seldom become ‘‘winner’’ or ‘‘run-

ner-up’’ during learning process are likely to be noises or

outliers. As a result, it is necessary for us to delete those

probable noise. Here, we use the strategy described in [24]:

for every several epochs of learning, we try to remove those

prototypes that have only one or no topological neighbor.

In [24], this strategy works well for removing nodes caused

by noise without adding much computational load.

3.4 Summary of ILVQ

Using the analysis described above, we describe the com-

plete algorithm in Algorithm 2. The notations used in the

algorithm are shown in Table 1.

Algorithm 2 Incremental Learning Vector Quantization

1: Initialize G to contain the first two input data from the training

set.

2: Initialize E storing connection between prototypes to empty set.

3: Input a new pattern x [ Rn.

4: Search set G to find the winner s1 and runner-up s2 by s1 ¼
argminc2Gkx� wck and s2 ¼ argminc2Gnfs1gkx� wck.

5: if (x [ a new class)
W
kx� ws1

k[ Ts1

W
kx� ws2

k[ Ts2
then

6: Insert x into set G.

7: Goto Step3 to process the next input pattern.

8: end if

9: if ðs1; s2Þ 62 E then

10: Add edge (s1; s2) to edge set E by E  E
S
fðs1; s2Þg.

11: Set the age of edge ðs1; s2Þ to zero.

12: end if

13: for si in the neighbor area of s1 do

Algorithm 2 continued

14: Update ageðs1 ;siÞ  ageðs1 ;siÞ þ 1

15: end for

16: Update winner count Ms1
 Ms1

þ 1.

17: if labelx ¼ labels1
then

18: Update ws1
 ws1

þ g1ðx� ws1
Þ

19: for si in the neighbor area of node s1 and labelsi
6¼ labelx do

20: Update wsi
 wsi

� g2ðx� wsi
Þ

21: end for

22: else

23: Update ws1
 ws1

� g1ðx� ws1
Þ

24: for si in the neighbor area of node s1 and labelsi
¼ labelx do

25: Update wsi
 wsi

þ g2ðx� wsi
Þ

26: end for

27: end if

28: Delete those edges in set E whose age outstrips the parameter

AgeOld.

29: if the iteration step index is the integer multiple of parameter k
then

30: Delete the nodes si in set G that have no neighbor node.

31: Delete the nodes si whose neighbor node is 1 and

Msi
\0:5

PNG

j¼1
Mj

NG
.

32: end if

33: Goto step 3 to continue the online learning process.

34: return set G and set E.

In Algorithm 2, we initialize the prototype set G with

first two input patterns from training set. The edge set E is

initially empty. For a new pattern x that comes into the

network, if x comes from a new class, we will add x into

prototype set G at once. Otherwise, we find the winner

prototype s1 and the runner-up s2. If the respective dis-

tances separating x and s1 or s2 are greater than distance

threshold Ts1
or Ts2

, the input pattern x is regarded as a new

prototype. Thus we insert it into set G and process the next

pattern that comes from training set.

If the above insertion conditions don’t satisfy, x is not

new prototype and we adopt it to adjust the prototype set. If

the connection between s1 and s2 does not exist, we connect

them and add it to edge set E. The initial value of ageðs1;s2Þ
is set as zero. The age of all edges emanating from s1 are

updated, and the winner count Ms1
of s1 is updated by

Ms1
¼ Ms1

þ 1 ð4Þ

To adjust the value of prototypes, the winner s1 should be

moved close to or far away from input pattern x given to

their labels. But simply moving the winner prototype is not

sufficient to obtain a sound learning result. We believe that

the prototypes in the neighbor region of winner whose label

is different from the winner’s are very likely to be a noise

Table 1 Notations used in ILVQ

Notation Description

G Prototype vector set, used to store prototypes

NG Number of prototypes in G

E Edge set, used to store edges between prototypes

NE Number of edges in E

wi Value of prototype i

Mi Winner count of prototype i

Ti Distance threshold of prototype i

Ni Set of neighbors of prototype i

age(i,j) Age of the edge that connects prototypei and j

g1 and g2 Learning rate
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interrupted into the prototype set. Therefore, we also

update these prototypes according to Kohonen’s rule. In

this case, the direction that these prototypes move will be

exactly different from the winner: if the winner is moved

towards x, those prototypes will be moved far from

x. Hence the distance between those prototypes and winner

will be larger. It is beneficial for us to distinguish those

patterns from different classes. The improved learning rule

is presented as follows: if labelx ¼ labels1
, then we adjust

the winner prototype, and the prototypes si that satisfy

ðs1; siÞ 2 E and labels1
6¼ labelx. On the contrary, if

labelx 6¼ labels1
, then we adjust the winner, and the pro-

totypes si that satisfy ðs1; siÞ 2 E and labels1
¼ labelx.

To update the neighbor relationship between prototypes

during the online learning, we delete the edges in set

E whose age is larger than AgeOld (a user-defined

parameter). To eliminate the influence of noise, for every

several epoch of training, we try to delete the prototypes

which have only one or no neighbor prototype. However,

for one-dimensional data the prototypes may form a chain,

the above scheme will repeatedly remove the boundary. As

a result, we add a condition to control the deletion policy: if

a prototype si has one neighbor node and its winner count

Msi
\ 0:5

PNG

j¼1
Mj

NG
(In this case, the prototype si is very

likely to be a noise), we delete it.

The time complexity of the whole algorithm is

O(NDM), where N is the number of training data, D is the

dimensionality of the training data, and M is the learned

prototype number finally. The time complexity of the

proposed ILVQ is only linear with the total number of

training data, which is competitive compared with some

other prototypes algorithms such as LVQ and G-LVQ. As

for the storage efficiency, the proposed ILVQ incremen-

tally learns with training data. It means that, instead of

storing the whole training set, we only need to load one

training data each time, but needn’t to store them. There-

fore, the proposed ILVQ is very promising to cope with

large data sets.

3.4.1 Learning rate

In Algorithm 2, the learning rate g1 and g2 will affect the

extent to which the winner prototype and the neighbors of

the ‘‘winner’’ move nearer or further away from the input

pattern.

The Growing Neural Gas (GNG) algorithm [8] applies a

constant learning rate. However, it will result in network

instability after several epochs of training.

An exponential decaying learning rate is proposed in

[11]: gðnÞ ¼ g0expð� n
s), where g0 is the initial value of g

and s is the total number of training samples. However, we

are still unable to give a standard g0 for every task. More

importantly, we are unable to avail the total amount of

training samples s in an online environment.

In this study, we adopt a method used in [24] to adjust the

learning rate over the training epoch by g1 ¼ 1
Mwinner

and

g2 ¼ 1
100Mwinner

. In this case, the learning rate is time variant

and we can make the position of the prototype more stable

when it becomes a winner more and more times during

training. Because of the divergence of the series
P1

n¼1
1
n and

the convergence of
P1

n¼1
1
n2, the learning speed of our algo-

rithm satisfies stochastic approximation [27] conditions,

i.e. the learning rate decays slowly, but not too slow. The

relative slowly decaying learning rate ensures the stability of

the algorithm. But the plasticity of the algorithm may be

influenced if the learning rate decays too slowly. Thus

the stochastic approximation condition insures that ILVQ

make a nice compromise between plasticity and stability.

4 Experiment

4.1 Artificial dataset

In this section, we conduct the experiment using a two-

dimensional Dataset, as shown in Fig. 2. The sample set

has five classes. Class 1 and class 2 satisfy a 2-D Gaussian

distribution. Class 3 and class 4 are two concentric rings.

Class 5 is a sinusoidal curve. As Fig. 2 shows, 20% noise

(patterns obey 2 - dimensional uniform distribution but

are recorded in a label chosen randomly from 1 to 5.) of

useful data are distributed on the whole dataset.

4.1.1 Experiment in a stationary environment

First, we apply Fig. 2 to simulate a stationary dataset:

50000 patterns are selected randomly from all classes 1–5.

Fig. 2 The original artificial dataset. Data are divided into five

classes: class 1 and class 2 are two Gaussian distributions; class 3 and

class 4 are two concentric rings; and class 5 is a sinusoidal curve.

Furthermore, noise is added to the whole dataset
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123



Here, traditional LVQ and generalized LVQ [23] (an

improved version of LVQ) are compared with ILVQ. For

ILVQ, we set parameters as k = AgeOld = 16 by a 10-

fold cross validation policy. The number of prototypes is

learned automatically. To clarify the comparison, we adopt

three different prototype numbers for LVQ and G-LVQ:

5 9 8 = 40, 5 9 20 = 100, and 5 9 40 = 200. Each

class has the same number of prototypes in LVQ and G-

LVQ. Each method is repeated three times: for three dif-

ferent sequences in choosing input patterns from training

set. We present the average recognition rate in Table 2.

Table 2 shows that LVQ might perform more poorly when

it has even more prototypes. It might result from bad

choice of initial position of prototypes. It demonstrates that

the recognition performance of LVQ and G-LVQ will be

affected by its initial condition. For ILVQ, the recognition

rate of three-time tests is nearly the same; even with fewer

prototypes, the recognition performance of ILVQ is much

better than either LVQ or G-LVQ. During training, the

number and value of prototypes are determined automati-

cally by the algorithm itself. When training is finished,

each class has a different number of prototypes: classes 1,

2, 3, 4, and 5 respectively have 8, 9, 11, 6, and 6 prototypes

averagely. The prototypes are connected by edges to rep-

resent the topological structure of input data, as portrayed

in Fig. 3.

From Fig. 3, we know that each class is represented very

well by automatically generated prototypes: the noise is

eliminated. For edges in Fig. 3, prototypes not only within

the same class but also between classes are connected. We

highlighted between-class connections as black lines in

Fig. 3. Some patterns are positioned between classes; this

is the reason for error classification.

4.1.2 Experiment in an incremental environment

Then, we simulate incremental learning using the following

scheme: from epoch 1 to 10,000, data are chosen randomly

from class 1. At epoch 10,001, we change the data envi-

ronment and randomly choose samples from class 2.

Similarly, we choose patterns of class 3 from epoch 20,001

to 30,000. At epoch 30,001, we use patterns from class 4.

Eventually, from epoch 40,001 to 50,000, we adopt data of

class 5 to train the network. We also add 20% noise to the

training data.

Actually, ILVQ, G-LVQ and LVQ are repeated three

times with different sequences of incoming data to achieve

an average result in this incremental environment. The

parameters of ILVQ are set as k = AgeOld = 7 by a 10-

fold cross validation policy. For LVQ and G-LVQ, the

amount of prototypes is predefined (40, 100, and 200); each

class has the same number. The recognition rates of the

three methods are presented in Table 3. For ILVQ, the

average prototype numbers for classes are 9, 10, 7, 6, and 8,

respectively. From Table 3 we know that LVQ and G-LVQ

performs poorly in an incremental data environment

because the learned weight vector is often destroyed after

Table 2 Recognition rate(RR) for a stationary environment in the

artificial data set

Algorithm No. of prototypes Recognition rate (%)

ILVQ 40 98.3

LVQ 40 96.3

LVQ 100 95.3

LVQ 200 95.6

G-LVQ 40 97.5

G-LVQ 100 98.1

G-LVQ 200 98.1

Fig. 3 The learned topological structure of ILVQ: within-class connec-

tions in class 1 are expressed as blue lines; within-class connections in

class 2 are expressed as green lines; within-class connections in class 3

are expressed as magenta lines; within-class connections in class 4 are

expressed as yellow lines; and the within-class connections in class 5 are

expressed as red lines. The between-class connections are highlighted as

black lines

Table 3 Recognition rate (RR) for the incremental environment in

the artificial data set

Algorithm No. of prototypes Recognition rate (%)

ILVQ 40 99.3

LVQ 40 44.3

LVQ 100 57.4

LVQ 200 55.8

G-LVQ 40 68.2

G-LVQ 100 74.6

G-LVQ 200 59.2

Neural Comput & Applic (2012) 21:1205–1215 1211

123



storing new patterns in the network. However, ILVQ can

accommodate incremental tasks well.

4.2 Handwritten digits recognition

4.2.1 Experiment in a stationary environment

Now we use Optical digits from the UCI Machine Learning

Repository [1] to test the proposed algorithm. In this

dataset, the training set includes 3,823 samples from ten

classes; the test set includes 1,797 samples from ten clas-

ses. For ILVQ, we apply a tenfold cross-validation policy

to tune the parameters. We repeat this policy on the

training data three times to obtain the proper value of

parameters: k = AgeOld = 450. For LVQ and G-LVQ, we

predetermine three different quantities of prototypes (200,

300, and 500); the prototype number for each class is the

same. We repeat the algorithms eight times with different

sequences of incoming data to obtain an average result.

The results are presented in Table 4.

The best recorded recognition performance under a

stationary data environment in this Optical Digits dataset is

98.0% of the Nearest Neighbors Classifier (NNC) [9].

Actually, LibSVM with a Radius Basis Function as the

kernel function achieved a recognition rate of 96.6% and a

compression ratio of 31.3%. Passerini et al. [19] improved

the SVM using different kernel functions; the best recog-

nition performance he obtained was 97.4%. From Table 4,

it is apparent that the recognition performance of ILVQ is

near that of the best classifier; it is better than some typical

methods such as LVQ and SVM. In addition, the com-

pression ratio of the trained classifier, i.e., the number of

prototypes divided by the size of the dataset, is rather

sound. Moreover, the number of prototypes for each class

generated after learning is different in ILVQ rather than

remaining the same in LVQ or G-LVQ. For that reason,

ILVQ can use fewer prototypes to represent a simple class,

and use more prototypes to represent a complex class.

Patterns from each class might be subject to different

distributions. Therefore, it is not proper to represent them

with the same number of prototypes. However, it is

extremely difficult to predetermine a suitable number of

prototypes for each class to represent them with no prior

knowledge, as do many other classifiers. Results of this

experiment demonstrate that ILVQ can generate a proper

number of prototype vectors automatically and completely

for each class given to the pattern distribution in training

set: averagely class 1 has 27 prototypes; class 2 has 17

prototypes; class 3 has 19 prototypes; class 4 has 29 pro-

totypes; class 5 has 17 prototypes; class 6 has 21 proto-

types; class 7 has 22 prototypes; class 8 has 22 prototypes;

class 9 has 31 prototypes; and class 10 has 23 prototypes.

Another key point is that the recognition performance of

ILVQ is not sensitive to its parameters. We list the rec-

ognition rate of ILVQ under different parameters in

Table 5. From Table 5, it is apparent that the recognition

rate and compression ratio of ILVQ never fluctuate dras-

tically when the parameters change. Moreover, from

Table 4 we can know when k and AgeOld vary from dif-

ferent values, the recognition rate of the proposed ILVQ is

better than LVQ and G-LVQ under most conditions.

4.2.2 Experiment in an incremental environment

Here, we conduct another experiment in an incremental

environment in order to illustrate another advantage of

ILVQ. Similar to Section 3.1.2, we simulate the incre-

mental environment in this way: from step 1 to 5000, we

randomly select patterns from class 1; from step 5001 to

10000, we select patterns from class 2; etc. In fact, 10-fold

cross-validation is still used to achieve the parameter of

ILVQ as k = AgeOld = 450. For LVQ and G-LVQ, The

total number of prototypes is predetermined and the num-

ber for each class is the same. We repeat the experiments

eight times with different sequences to obtain an average

result. Table 6 presents the results, which demonstrate that

in an incremental environment LVQ and G-LVQ can only

recognize the patterns from the very class (class 10) that

was input into the network last. The learned patterns (from

class 1 to class 9) were destroyed when they learned pat-

terns from class 10. However, ILVQ can deal with the

incremental data environment well because the learned

patterns can always be preserved soundly in the network.

Table 4 The average recognition rate and compression ratio for

stationary environment in optical digits data set

Algorithm No. of

prototypes

Recognition

rate (%)

Compression

ratio (%)

ILVQ 228 97.5 ± 0.5 6.0 ± 0.1

LVQ 200 96.7 ± 0.5 5.2

LVQ 300 97.0 ± 0.3 7.9

LVQ 500 97.3 ± 0.4 13.1

G-LVQ 200 96.1 ± 0.2 5.2

G-LVQ 300 96.4 ± 0.2 7.9

G-LVQ 500 96.5 ± 0.1 13.1

Table 5 Recognition rate and compression ratio of ILVQ under

different parameters in optical digits data set: here we always assign

AgeOld and k the same value

(AgeOld,k) 200 300 400 450 500 600 700

Recognition rate (%) 97.0 97.2 97.1 97.5 97.4 97.1 97.4

Compression ratio (%) 5.25 6.05 6.07 6.00 6.20 6.57 6.65
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4.3 Face recognition

Here, we use the facial images in the dataset of Yale Face

to validate the recognition performance of ILVQ (http://

cvc.yale.edu/projects/yalefaces/yalefaces.html). Yale Face

contains 15 distinct subjects with 11 different images of

every subject. For ILVQ, we apply ten-fold cross-valida-

tion policy to tune the parameters: k = AgeOld = 84.

LVQ and GLVQ are also used as a comparison. Three

times ten-fold cross-validation is adopted to achieve the

average result that is listed in Table 7. It dictates ILVQ can

achieve the best classification rate in face recognition.

4.4 Remaining UCI datasets

We use the datasets of Glass, Ionosphere, Iris, Liver dis-

orders, Pima Indians, and Wine in UCI [1] sequentially to

test the proposed algorithm. The overall condition of these

data sets is shown in Table 8. To evaluate the proposed

method better, aside from LVQ and G-LVQ, we compare

it to famous prototyped-based classifiers such as the

K-Means Classifier KMC(M) [15], the Nearest Subclass

Classifier NSC(k) [25], the Multiscale Data Condensation

algorithm MDC(k) [17], and the Nearest Neighbor Clas-

sifier NNC(k). All the above classifiers except NNC are

unable to cope with an incremental learning task. For that

reason, we do the experiment in a stationary environment.

First, we also adopt a three-times 10-fold cross-validation

policy to tune the parameters in each algorithm. Because of

the small sample number of these datasets, we apply a 10-

fold cross-validation procedure to estimate the recognition

performance. We also repeat tenfold cross-validation three

times, i.e., for three independent draws of 10 non-over-

lapping subsets from the training set and report the average

recognition rate. The patterns are selected randomly from

the training set each time. The recognition rates are shown

in Table 9; some experimental results are obtained from

[25]. The parameters achieved in each method and com-

pression ratio are presented in Table 10. The best and near

best performances are emphasized with figures in bold

typeface.

From Table 9 we know that, for Glass, Iris, Liver, and

Pima datasets, the recognition performance of ILVQ is best

or nearly the best. For all databases, the average recogni-

tion rate of ILVQ is higher than those of all other classi-

fiers. For the Ionosphere dataset, ILVQ works slightly

worse than NSC but better than other classifiers. Table 10

shows that the compression ratio of NSC for Ionosphere is

31%, which is much larger than ILVQ (25.6%). To the

aspect of compression ratio, ILVQ is better than NSC. For

the Wine dataset, although ILVQ performs slightly worse

than NSC, MDC, and NNC, all three classifiers have a

100% or nearly 100% compression ratio; the compression

ratio of ILVQ is 12%. Additionally, not only LVQ, but also

LVQ-family classifiers are unable to obtain a remarkable

recognition performance in this dataset. For example, tra-

ditional LVQ obtains 72.3% ± 1.5% and G-LVQ can

achieve 72.9% ± 4.8% in wine.

From the perspective of the compression ratio, ILVQ is

still better than LVQ and G-LVQ; it is also better than NSC

and MDC, which are specially designed to reduce data

storage. Although the average compression ratio of ILVQ

(15.3%) is slightly higher than KMC of 11.7%, the rec-

ognition performance of ILVQ (79.1%) is much better than

KMC (73.7%). Through the analysis described above

ILVQ can be recognized as presenting the best compromise

between recognition performance and compression ratio.

Moreover, we present the results of ILVQ in the incre-

mental data environment in Table 11. It is apparent that the

performance of ILVQ in an incremental environment is as

good as that in a stationary environment. We do not

compare ILVQ with other methods under an incremental

Table 6 The average recognition rate and compression ratio for

incremental environment in optical digits data set

Algorithm No. of

prototypes

Recognition

rate (%)

Compression

ratio (%)

ILVQ 291 97.7 ± 0.6 7.6 ± 0.2

LVQ 200 10.0 ± 0.0 5.2

LVQ 300 10.0 ± 0.0 7.9

LVQ 500 10.0 ± 0.0 13.1

G-LVQ 200 10.0 ± 0.0 5.2

G-LVQ 300 10.0 ± 0.0 7.9

G-LVQ 500 10.0 ± 0.0 13.1

Table 7 Recognition rate in Yale Face

Algorithm ILVQ LVQ LVQ LVQ G-

LVQ

G-

LVQ

G-

LVQ

No. of prototypes 64 66 88 110 66 88 110

Recognition rate

(%)

90.0 84.5 85.5 86.4 85.5 85.5 86.4

Table 8 Overview of the data sets used in the experiments

Dataset No. of

samples

No. of

features

No. of

classes

Glass 214 9 6

Ionosphere 351 34 2

Iris 150 4 3

Liver disorders 345 6 2

Pima Indians 768 8 2

Wine 178 13 3
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environment because other classifiers, aside from NNC, are

unable to realize incremental learning.

From results of the experiments above, we conclude that

ILVQ performs perfectly in all the three performance cat-

egories of recognition rate, compression ratio, and incre-

mental learning.

5 Conclusion

As described in this paper, we proposed an online incre-

mental prototype classifier. The proposed method, desig-

nated as incremental learning vector quantization (ILVQ),

grows gradually and stores the learned prototypes perfectly

so that it can realize the incremental learning task well. It

takes advantage of a threshold-based insertion criterion to

automatically generate the number of prototypes for each

class. Consequently, users no longer need to predetermine

it. An innovative method is proposed to adjust the value of

the threshold dynamically. Moreover, a proper condensing

scheme is taken to ensure ILVQ to eliminate the noise that

comes into the network during learning.

In the experiments, we compared ILVQ with some

typical prototype classifiers. The results show that the

recognition rate of ILVQ will be better under most con-

ditions. In the respect of compression ratio, the perfor-

mance of ILVQ is also good. Although some algorithms

such as KMC achieves a better compression ratio, it must

be emphasized that ILVQ fulfills the best compromise

between classification performance and storage efficiency.

Moreover, the experiments demonstrate that ILVQ can

perform the incremental learning task well.
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