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A new self-organizing incremental network is designed
for online supervised learning. During learning of the
network, an adaptive similarity threshold is used to
judge if new nodes are needed when online training
data are introduced into the system. Nodes caused
by noise are deleted to decrease the misclassification.
The proposed network, which is robust to noisy train-
ing data, suits the following tasks: (1) online or even
life-long supervised learning; (2) incremental learning,
i.e., learning new information without destroying old
learned information; (3) learning without any prede-
fined optimal condition; (4) representing the topology
structure of inputting online data; and (5) learning the
number of nodes needed to represent every class. Ex-
periments of artificial data and high-dimension real-
world data show that the proposed method can achieve
classification with a high recognition ratio, high speed,
and low memory.
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1. Introduction

Supervised learning is also referred to as discriminant
analysis or supervised grouping. In supervised learning,
a classifier is used to discriminate between members and
non-members of a given class.

Many methods are suitable for supervised learning.
Support Vector Machines (SVMs) produce stable and
high-quality output [1], but they are strongly dependent
on the selection of a kernel function [2]; ADA Boost-
ing [3] requires advance knowledge of the base classi-
fier. For classification tree methods such as CART [4],
splits are increasingly created as the tree expands, and
interpretation would necessarily be more complex. Lin-
ear Discriminant Analysis (LDA) [5] maximizes the ra-
tio of between-class variance to the within-class variance
in any particular dataset, thereby guaranteeing maximal
separability, but it is only suitable to linear discriminant
tasks. Learning vector quantization (LVQ) [6] is adopted

in a supervised learning technique for the self-organizing
map (SOM) [7], but it requires advance definition of the
number of prototype vectors for classes; furthermore, the
number is the same for every class. Artificial neural net-
works (ANN) [8] are efficient for some supervised learn-
ing tasks. However, if we add one new class to the sys-
tem, the whole network must be retrained. For that reason,
ANN is unsuitable for incremental learning tasks, which
are an important aspect of many applications.

The nearest neighbor [9] algorithm differs from other
classification methods in that it does not build a classi-
fier from the training data, but uses the original training
vector in the discriminant process. Salient advantages of
nearest neighbor are that: it can learn from a small set
of examples; it can add new information incrementally
at runtime; it requires no optimization, it is capable of
modeling very complex target functions using a collection
of less complex approximations, and it is robust to noisy
training data. On the other hand, its major disadvantage
is the high complexity of recognition for large datasets.
Shibata et al. [10] proposed a K-D decision tree method
to speed up the nearest neighbor algorithm. However, that
method and other traditional methods such as condensing
[11] and editing [12] techniques were unsuitable for in-
cremental learning.

In [13], an incremental network for unsupervised learn-
ing that extended Growing Neural Gas (GNG) [14] was
proposed and used to process some face recognition and
vector quantization tasks. This method can judge whether
new nodes are needed when online training data come into
the system. The method can delete nodes caused by noise
to thereby decrease misclassification [15]. In this paper,
we adjust the network in [13] and design a self-organizing
incremental network for online incremental supervised
learning tasks. First, we use the online training samples
to train the network corresponding to each class and out-
put the nodes of the networks. Then, such nodes are used
as prototype vectors of the different classes to assign test
data to different classes. This method is suitable for in-
cremental learning: it can learn new nodes as prototypes
for new classes easily without destroying old learned in-
formation. In light of the nearest neighbor advantages de-
scribed above, we adopt the nearest neighbor method as
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the main benchmark for comparison with the proposed
method.

2. Proposed Method

The targets of the proposed algorithm are: (1) Without
prior conditions such as number of nodes or a good net-
work structure or a kernel function to conduct online su-
pervised learning, and represent the topological structure
of input probability density. (2) To learn new information
without destroying old learned information. (3) To learn
the number of nodes needed to represent every class to
avoid catastrophic allocation of new nodes. (4) To delete
nodes caused by noise and thereby decrease misclassifi-
cation.

2.1. Overview of the Proposed Method

In this study, we adopt a self-organizing incremental
neural network to realize our targets. Online training data
are used to train the network for each class and gener-
ate a topological structure of the input pattern. Then the
learned nodes of the networks are used as the prototype
vectors to classify the test data.

To represent the topological structure in online or life-
long learning tasks, growth is an important feature for de-
creasing task error and adapting to changing environments
while preserving old prototype patterns. Insertion of new
nodes is extremely useful to grow the network without in-
terfering with previous learned knowledge. However, in-
sertion must be stopped to prohibit a permanent increase
in the number of nodes and to avoid overfitting.

We use a similarity threshold for every old node to
judge if a new input pattern originates from a learned
region or from a region that never happened. The sim-
ilarity threshold Ti is defined as the distance (Euclidean
distance) from the boundary to the center of Voronoi re-
gion Vi of node i. The Voronoi diagram is the nearest-
neighbor map for a set of points. In this method, the set
of points means the network. Each Voronoi region con-
tains those points that are nearer one node than any other
nodes. During the learning process, node i must change
its position to meet the input pattern distribution. There-
fore, the Voronoi region Vi of the node i will change and
the similarity threshold Ti will also change. The similarity
threshold is changed adaptively according to the change
of position of node i. We set the input signal as a new
node (the input signal comes from a never-happened area)
when the distance between the signal and the nearest node
(node k) is greater than the similarity threshold Tk of node
k. After some learning steps, we reject the insertion of the
new node in the well learned area because the distance
between the input and the nearest node is less than the
similarity threshold Tj of node j (the input signal comes
from the area where nodes are sufficiently numerous).

To build connections between neural nodes, we adopt
the competitive Hebbian rule [16]. The competitive Heb-
bian rule can be described as follows: for each input sig-

nal, connect the two closest nodes (measured using Eu-
clidean distance) by an edge. In online or life-long learn-
ing, the nodes change their locations slowly but perma-
nently; nodes that are neighboring at an early stage might
not be neighboring at a more advanced stage. Therefore,
the competitive Hebbian rule removes connections that
have not been refreshed for a while.

In general, noise exists in real world data. To delete
the nodes caused by noise and thereby reduce misidenti-
fication, we propose the following strategy: if the num-
ber of generated input signals up to that time is an inte-
ger multiple of a parameter, remove those nodes with no
topological neighbor or which have only one. The idea
is based on the behavior of adding and removing edges
from the network. We adopt the competitive Hebbian rule
that connects the two closest nodes for each input signal.
Thereby, nodes having many edges produce a network in
the area where many input signals come. After numer-
ous input signals, if the node has no neighbor or only one,
then during a period, this node has a very low chance to be
selected as one of the two closest nodes and the insertion
of new nodes near this node is difficult. As a result, we
infer that the probability that the node is caused by noise
is very high.

2.2. Complete Algorithm
Along with the analysis of Section 2.1, we present the

complete algorithm here.
Notations to be used in the algorithm

A Node set, used to store nodes.
C Connection set (or edge set), used to store

connections (edges) between nodes.
Wi n-dimension weight vector of node i.
Ti Similarity threshold. If the distance be-

tween an input pattern and node i is greater
than Ti, the input pattern is a new node.

Ni Set of direct topological neighbors of node
i. If a node links with node i by an edge,
we say the node is the neighbor of node i.

Mi Local accumulated number of signals of
node i.

age�i� j� Age of the edge that connects node i and
node j.

Algorithm 2.1: The proposed algorithm for generating
a self-organizing incremental network

1. Initialize node set A to contain two nodes, c1 and
c2 with weight vectors selected randomly from the
input pattern. Initialize connection set C, C � A�A,
to the empty set.

2. Input new pattern ξ � Rn.

3. Search the nearest node (winner) s1, and the second-
nearest node (second winner) s2 by

s1 � arg min
c�A

�ξ �Wc� . . . . . . (1)

s2 � arg min
c�A��s1�

�ξ �Wc� . . . . . . (2)
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