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In this paper, we present an adaptive singlepass
codebook generation based on adaptive resonance
theory(ART) neural networks. The main motiva-
tion for VQ codebook generation based on ART
neural network (ART-NN) is its capability of dis-
covering cluster structure, on-line learning scheme
and solving stability - plasticity dilemma. For
static codebook generation, ART-NN based ap-
proach yields the results comparable to those us-
ing full search LBG algorithm with binary splitting
technique in the sense of signal to noise ratio, but
with much lower codebook entropy and much lower
time complexity. Huffman coding of the VQ in-
dices after applying the proposed ART-NN based
approach can provide additional compression. For
adaptive codebook generation, the ART-NN based
algorithm can effectively on-line adapt to the chang-
ing source data statistics because of its singlepass
and no batch training nature.

1 Introduction

The vector quantization algorithms and their hard-
ware implementations for reducing the storage or
the transmission bit rate for the images and speech
signals have been extensively investigated [2 - 6].
It is well known that the key to vector quantiza-
tion compression is to have a good representative
codebook which captures the source data statistics.
There are several methods for codebook generation
[5], among them the Linde-Buzo-Gray (LBG) algo-
rithm [1], which is locally optimal, has been exten-
sively applied. However, LBG algorithm for deriv-
ing a codebook is an iterative and batch mode algo-
rithm, which needs to access to the entire training

data set during the training process. The complex-
ity of LBG codebook design method makes it diffi-
cult to implement a high-speed VQ adapting to the
changing source data statistics. Neural networks
have been widely studied [7 - 9]. Artificial neural
network methods appear to be very promising for
intelligent information processing system because
of their massively parallel computing architectures
and self organization learning schemes. The neu-
ral networks are able to approximate some function
which may not be known a priori, or to find a near
optimal solution for a hard computation problem
such as the vector clustering problem. A number
of researches have been working on using artificial
neural networks for design of VQ codebooks to cir-
cumvent the limitations of traditional algorithms.
Several neural networks for VQ codebook design
have been reported [10 - 20], such as the compet-
itive learning (CL) network [11], Counterpropaga-
tion network (CPN)([15 - 17], Kohonen self organi-
zation feature map (KSFM) [18 - 20], and frequency
sensitive competitive learning (FSCL) network [11].

The features of these neural networks are briefly
described as follows:

1. The competitive learning network is an adap-
tive version of the LBG algorithm with the ad-
vantage of simple computation [11]. One prob-
lem with this neural network is that it some-
times leads to underutilization of neural units.
Another problem is that a competitive learn-
ing network does not always learn temporally
stable code in response to an arbitrary input
environment. The network may make previous
learning washed away by more recent learning
in response to a changing input environment.
The extensive investigation of theses two prob-
lems can be found in the literatures [22].
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2. Self-organization in CPN and KSFM is a sta-
tistical natural-clustering process in which the
network performs competitive learning to per-
ceive pattern classes based on data similarity
or principal component analysis. One draw-
back of these two networks is that the nearest-
neighbor method causes a large amount of neu-
rons to be underutilized after training. An-
other drawback is the computational complex-
ity which arises from both the calculation of the
neighborhood of winning neurons and updating
all members of the neighborhood [10].

3. Frequency-sensitive competitive learning net-
work was proposed to attack the problem of
CL’s underutilized neurons and retain its sim-
ple computation advantage. But it still can-
not solve the stability - adaptability dilemma.
More recycles are required to improve the
learning performance. While using it to gener-
ate a VQ codebook, it maximizes the entropy
of the codebook so that Huffman coding of the
VQ indices would not provide significant addi-
tional compression because this algorithm en-
sures that all codewords in the codebook are
updated equally frequently during iterations of
the training process [21].

In this paper, we present a new neural network ar-
chitecture and its algorithm for an adaptive sin-
glepass codebook generation based on Grossberg’s
adaptive resonance theory (ART) neural network.
In Section II, we describe the adaptive resonance
theory (ART) neural network. The discussion about
ART will be brief since it has already been deeply
explored in the literature. Next, we propose an
ART-NN based architecture and algorithm for code-
book generation. The experimental results and per-
formance comparison with LBG algorithm using bi-
nary splitting technique are provided in Section IV.
Discussions and conclusions are given in Section V.

2 Why ART neural networks
for VQ codebook generation

ART neural network came from an analysis of a
simple type of adaptive pattern recognition network
— a competitive learning neural network [23]. But
in a competitive learning network, certain instabil-
ities can arise so that different neurons might re-
spond to the same input pattern on different oc-
casions. Moreover, later learning can wash away
earlier learning if the environment is nonstationary
or if novel input patterns arrive [23]. This stability -

plasticity dilemma is faced by all intelligent systems
capable of autonomously adapting in real time to
unexpected changes in nonstationary world. Gross-
berg and Carpenter developed ART architecture to
learn quickly and stably in real time in response to a
possibly nonstationary environment with an unlim-
ited number of inputs until it utilizes its full memory
capacity [25].

In the ART neural networks, one of the keys to
solve the stability - plasticity dilemma is its feed-
back mechanism between the competitive layer and
the input layer of a network. This feedback mech-
anism protects previously learned information from
being washed away while learning new information,
automatically switchs between stable and adaptive
modes, and stabilizes the encoding of the classes
done by the neurons. Grossberg and Carpenter gave
the excellent comparison between ART neural net-
works and other neural networks in the literature
[26]. The detailed theoretical discussion of ART
neural networks can be found in [23-27].

Since in VQ data compression, each data vector
must be represented as one of the codebook indices,
the contents of codebook determine the overall per-
formance of the reconstructed output. As the source
statistics changes, the codebook should be changed
in real time for the current source statistics. How to
effectively design the representative codebook with
adaptive mode is our motivation to look into the
features of ART neural networks. The main reason
for VQ codebook generation based on ART neural
network is its capability of discovering cluster struc-
ture, on-line learning scheme and solving stability -
plasticity dilemma.

3 Neural Network Architec-
ture and Algorithm for
Codebook Generation

The proposed neural network architecture based on
ART for codebook generation is shown in Fig. 1.
The network consists of two subsystems: attentional
subsystem and orienting subsystem. Attentional
subsystem consists of three layers: an input layer
that distributes the input vector to the neurons on
the second layer, where each neuron computes the
distortion (Euclidean distance) between its weight
vector and the input vector; and an output layer
based on winner-take-all network which determines
the winning neuron from the distortions computed
by the second layer neurons. There are k neurons
in the input layer and M neurons in the second and
output layers respectively, where k is the dimension
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of the input vector, and M is the capacity of the neu-
ron network which should be greater than or equal
to the specified size of the codebook. The jth weight
vector wj = (wij, waj,...,wx;) and j = 1,...,M in
the second layer is the jth codevector. The code-
book is built in the synaptic weights of the second
layer. When the input vector presents to the input
layer, the second layer neurons calculate the Eu-
clidean distances between the input vector and the
weight vectors, and the winner-take-all policy deter-
mines the neuron which has the smallest distortion
error (Euclidean distance). The orienting subsys-
tem always ensures that the worst-cast distortion
error per vector is upper bounded by the distortion
threshold. That is, we maintain “vigilance” by set-
ting distortion threshold (radii) for the weight vec-
tors (cluster centers). An input vector lying out-
side of a hypersphere would not be considered as
belonging to the neuron even if the winner-take-all
layer assigned it to that neuron. In this situation,
the input vector is assigned to one of uncommit-
ted neurons in the second layer until the capacity
of the neuron network is full. If the input vector
lying inside of a hypersphere (bounded by the dis-
tortion threshold), the winner-take-all layer assigns
this input vector to neuron m which has the small-
est distortion error. Then the weight vector wy, of
neuron m will be updated to be a centroid of all in-
put vectors (including the new input vector) which
have fell into this weight vector since training be-
gan. All other weight vectors are left unchanged.
The weight vector wy, for neuron m is updated as
follows:

N, 1

W ass dm sode
mS e b

X

Where Ny, is the number of input vectors which fell
into the weight vector of the neuron m since train-
ing began. X is the current input vector. In this
way, the training rule moves the winning codevec-
tor toward the current input vector by a reasonable
fraction amount.

The basic ART training rule for the codebook
generation is as follows: Parameters Ty;,: : distor-
tion threshold for generating a new neuron (code-
vector). N; : the number of training vectors belong-
ings to the weight vector C;. numpy: the number

of committed neurons. L : the specified size of a
codebook.

1. If the initial codebook is empty, the first input
vector is used to set the weight vector of the
first neuron:

Wi =X;,N; =1, numpy = 1.
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Otherwise, we have an initial codebook with
M < L, we preload the initial codebook to the
weight vectors as follows: for(i = 1;i < M;i+
+)

{Wi=Ci; N; =1}

numy=M .

2. Present a new input vector X to the input
layer;

3. Compute the distortion D; between an input
vector X and all weight vectors of the second
layer neurons:

D; =d(X,W;) 1<1i< numy;

d(X, W;) can be Euclidean distance or absolute
distance.

4. Select the neuron on the distortion calculation
layer which has the smallest distortion, then set
its output to 1 and set other neuron outputs to
0:

_J 1 if D, =min{D;}
O { 0 otherwise 1

5. if Dy, < Tgise, update the weight vector wy,
with the training rule:
N, 1

o el e

and Ny, = N, + 1. If the buffer of training
vectors is empty, go to step 7, else go to step 2.

W

6. (In this case, D,, > Ty;,:) generate a new neu-
ron (codevector) by setting the weight vector
of an uncommitted neuron as the input vector
X, i.e:

WnumN =X

and increase the number of committed neurons
by:
numy = numy + 1

go to step 2;

7. If numy > L, delete the neurons which have
fewer training vectors. ( In this way, we real-
ize the maximum utilization of all neurons in
the distortion calculation layer and the winner-
take-all layer when the size of the codebook is
fixed.)

In this training mode, for every input vector, a
new weight vector will be generated if the input
statistics changes, or the weight vector is updated
by encouraging a shift toward the centroid. The
whole codebook generation is realized by class for-
mation and centroid approximation. All training
vectors are presented once.



4 Performance Comparisons
in Image Coding

A. Performance comparison: The full search mean-
residual VQ (MRVQ) and multistage VQ (MSVQ)
[3] are used to evaluate the performance of the ¢ode-
books generated by both the proposed ART-NN
based approach and the LBG approach using binary
splitting technique. A fixed image block size of 4x4
pixels is used. The training set consists of 114688
vectors extracted from seven human figure images.
The distortion of the encoded image is measured by
the peak signal-to-noise (PSNR) which is defined as

PSNR =

2
10log,o{ £99

M N =
TR Loiz 2j=1(Zii — £ij)?

where M x N=size of image, z;j=pixel value of
the original image at coordinate (i, j) and Z;;=pixel
value of the reproduced image at coordinate (3, j).
Firstly, the static codebooks were generated by both
the LBG and ART-NN based algorithms, i.e., the
codebooks were trained before the image encoding
took place and were not updated during image en-
coding. The only computation during image encod-
ing was to find the closest codevector in the code-
book to match the input vector of the original im-
age. Table I shows the coding performance for the
training images using MRVQ. Table II shows the
coding performance for the training images using
MSVQ.

From Table I and Table II, for these static code-
books, the proposed ART-NN based codebook gen-
eration approach yields the results comparable to
those using the full search LBG in the sense of peak
signal to noise ratio. However, the potential power
of ART-NN based codebook generation is its adapt-
ability. Table III shows the performances using 6-
bit local , non-adaptive and adaptive MRVQ code-
books. The local MRVQ codebook was generated
by means of LBG algorithm and using single im-
age as training image. Each training image has its
own local codebook. Then we used this local code-
book to encode the training image. Non-adaptive
MRVQ codebook was obtained by the LBG algo-
rithm and the training set is the seven human fig-
ure images. Using ART-NN based algorithm, the
adaptive MRVQ codebook was generated based on
the above non-adaptive MRVQ codebook and the
current image. If the current image has similar
statistics to the training images which are used for
training non-adaptive MRVQ codebook by LBG al-
gorithm, most codevectors of the adaptive MRVQ

1)

120

codebook are similar to the codevectors of non-
adaptive MRVQ codebook. On the other hand, if
the current image has different statistics with the
training images, there will be relatively more new
codevectors to be generated and more old code-
vectors will be significantly updated by the pro-
posed ART-NN based algorithm. For example, in
the Table III, the 6-bit non-adaptive MRVQ code-
book was previously generated by LBG algorithm
using seven human figure images as training im-
ages. If the current image is pepper image which
has different statistics with the human figure im-
ages, the number of new codevectors generated by
the ART-NN based algorithm is 11 and the num-
ber of codevectors which have been significantly up-
dated is 15. The new codevectors are generated ac-
cording to the distortion threshold Ty;,:. That is,
if the incoming input vector of the current image
could not find the closest codevector bounded by
the distortion threshold, a new codevector will be
generated to accommodate the new input vector.
The old codevectors will be updated and replaced
if the old codevector has larger difference with the
corresponding updated codevector (beyond the up-
dated threshold Typdat.). The adaptive codebook is
obtained by using the new and frequently used code-
vectors to replace the old and rarely used codevec-
tors in the old codebook or update old codevectors
which have larger differences with the correspond-
ing updated codevectors. In the above testing, lena
and swing images are within the training set for
generating old codebook. Both peppers and yatcht
images are outside training set. For all the images
(inside or outside the training set), there must be
PSNRjocat > PSNR, > PSN R,,. For the images
outside the training set, PSN R, ’s have been im-
proved greatly compared with their PSN R, ,’s. For
pepper image, the improvement is 4.43 (dB). For the
yacht image, the improvement is 0.75 (dB). For the
images within the training set, their PSN R,’s have
a little improvement compared with their PSN R,,,.
For lena image, such improvement is 0.31 (dB). For
the swing image, the improvement is 0.065 (dB).
Therefore, for the images which are within the train-
ing set or have the similar statistics to the training
set, we do not need to change the old codebook.
Otherwise, we should change the codebook (par-
tially or entirely) so that the new codebook is able
to adapt to the statistics of the incoming image.
Whether to change the old codebook and (if so) how
to change it depend on the number of generated
new codevectors and the number of the updated
codevectors. Table IV shows the performances us-
ing 8-bit local, non-adaptive and adaptive 8 MRVQ



codebooks. From the Table III and IV, the number
of the generated new codevectors and the number
of the updated codevectors for the images outside
the training set are larger than those for the images
inside the training set.

Parameters.

® PSN Riocai: Peak signal to noise ratio when we
encode the current image applying the code-
book which was generated using only this im-
age as the training data.

e PSNR,,: Peak signal to noise ratio when we
encode the current image applying the code-
book which was generated using seven human
figure images as training data.

e PSNR,: Peak signal to noise ratio when we
encode the current image by adapting the old
codebook to the local statistics of the current
image.

® Npum: the number of generated new codevec-

tors;
® Upum: the number of significantly updated
codevectors.

Because the proposed ART-NN based codebook

generation is a singlepass algorithm. The code-
book’s updating or changing can be done on-line
with the image encoding.
B. Codebook entropies: Codebook entropies give
the lower bound of the number of bits with which
each vector could be encoded if Huffman encoding
is employed after VQ. If the codebook entropy is
much lower than the number of bits to represent
the generated codebook, Huffman coding can con-
tribute significant additional compression. The en-
tropy of a codebook is calculated as:

L
E=-7%" Pilog,(P)
i=1

where P; is the frequency with which codevector
i was used in encoding the whole training images.
We used two kinds of training image data: i) seven
human figure images; ii) 5 fingerprint images. Ta-
ble V and VI show the codebook entropies obtained
from the encoding process. Fig. 2 shows the code-
vector distribution when we encode fingerprint im-
ages using two 6-bit codebooks which are generated
by the LBG and ART-NN based algorithm, respec-
tively. In Fig. 2, the dot curve represents the code-
vector distribution for LBG algorithm. The solid
curve represents the codevector distribution for the
proposed ART-NN algorithm. X-axis indicates the

index of the codevectors. Y-axis indicates the num-
ber of input vectors used for the codevector. The
proposed ART-NN based training process generates
codebook with lower entropies because the code-
books are constructed with unequal probable code-
vectors. As a consequence, Huffman coding after
ART-based VQ can provide more additional com-
pression.

5 Conclusions and Discussions
1. Conclusions

(a) The proposed algorithm yields the results
comparable to those using the LBG algo-
rithm in the sense of mean square errors
and signal-to-noise ratios.

(b) It is a singlepass algorithm and does not
require “batch” of the training data vec-
tors, and these features are essential and
critical for many real time implementa-
tion.

(c) Simple computation, high utilization of
neurons, robustness and adaptive cluster-
ing capability make it ideally suited for
the adaptive codebook generation.

(d) It reduces the entropy of the codebook so
that Huffman coding of the VQ indices
will provide additional compression.

(e) It allows the option of either minimizing
rate subject to a distortion constraint or
minimizing coding distortion subject to a
rate constraint.

(f) A VLSI or optical implementation is fea-
sible [27 -30].

2. Discussions:

e Memory capacity The jmajor feature of
ART neural networks is their capability of
on-line learning new input patterns with-
out washing away the previously learned
patterns. But we can fully realize this fea-
ture only under the assumption that such
a neural network architecture has as much
memory capacity as required. In the real
world, we only have limited memory ca-
pacity. When all the neurons in the net-
work have been used (full capacity) and
a novel input vector has arrived, we can
adopt least frequently used replacement or
least recently used replacement policy to
replace the idling neuron.
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. A. Gerso and R. M. Gray,

e the relationship between distortion
threshold and the codebook size There is
no accurate relationship between the dis-
tortion threshold for generating new code-
vectors and the codebook size. Generally
speaking, the higher distortion threshold
is, the smaller the codebook size is. This
allows the option of either minimizingrate
subject to a distortion constraint or mini-
mizing coding distortion subject to a rate
constraint.
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1. results b_;' LBG
2. results by proposed method

Fig. 2. The codevector distribution of 6-bit code-

books generated by LBG and proposed approaches
for the finger print images.
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Performances of the LBG and proposed ART-NN based algorithms for training images using MRVQ

TABLE I

Performances of the LBG and proposed ART-NN based algorithms for training images using MSVQ

codebook design methods | codebook’s size | PSNR of coded training images(dB)
full search LBG 6 bits 30.9454
ART-NN 6 bits 30.4582
full search LBG 8 bits 32.3049
ART-NN 8 bits 31.7889
TABLE II

codebook design methods | codebook’s size PSNR of coded training images(dB)
full search LBG 6 bits-6 bits 31.5987
ART-NN 6 bits-6 bits 30.9985
full search LBG 4 bits-4 bits-4 bits 30.5131
ART-NN 4 bits-4 bits-4 bits 30.5831

TABLE III
Performances of 6-bit local, non-adaptive and adaptive MRVQ codebooks
images | PSN Ripca(dB) | PSNRyua(dB) | PSNR,(dB) | Noum | Unum
peppers 32.8539 28.1353 32.5660 11 15
yatcht 32.1189 30.5359 31.2806 8 10
lena 31.4855 30.8331 31.1420 4 12
swing 33.2233 32.5756 32.6407 0 7
TABLE IV
Performances of 8-bit local, non-adaptive and adaptive MRV Q codebooks
images | PSN Riocai(dB) | PSNRpo(dB) | PSNR,(dB) | Npum | Unum
peppers 35.0259 29.3325 32.7851 46 40
yatcht 34.4241 32.2279 33.4955 44 48
lena 33.2170 32.4360 32.7851 32 40
swing 35.1376 34.0297 34.1654 0 28
TABLE V TABLE VI
6 bit codebook entropies of LBG/ART-NN 8 bit codebook entropies of LBG/ART-NN
Images LBG | ART-NN Images LBG | ART-NN
human figure | 4.34 2.25 human figure | 6.27 4.11
fingerprint 5.22 4.05 fingerprint 7.10 9.71
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