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Abstract  In this paper we consider Principal Component
Analysis (PCA) and Vector Quantization (VQ) neural net-
works for image compression. We present a method where
the PCA and VQ steps are adaptively combined. A learn-
ing algorithm for this combined network is derived. We
demonstrate that this approach can improve the results of
the successive application of the individually optimal meth-
ods.
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I. INTRODUCTION

Transformation coding (e.g., Cosine Transformation,
Principal Component Analysis (PCA), Wavelet Transfor-
mation, Subband Coding) and Vector quantization (VQ)
are commonly used methods in image compression. Very
often they are also used successively, i.e., first the image 1s
transformed and then the coefficients are quantized.

Tn this paper we also use transformation coding (PCA)
We present the “Adaptive Network
Combination” (ANC) for adaptively combining these two

and quantization.

methods rather than applying them successively.

We have the following situation: Let 2 denote the orig-
inal image which is reduced with a reduction function
A, yielding h = A(x).
B, which produces from h an approximation of =, i.e.,
y = B(h). The error is given by z =y — x = B(A(2)) — =.
The error 1mage z usually has much lower entropy than

We have an expansion function

the original image and can therefore be compressed con-
siderably by a run-length encoding scheme, cf. [1]. Tn or-
der to yield higher compression ratios the error images are
usually also quantized ¢ = ((z) (using scalar or vector
quantization), giving a lossy image compression method.
The compression ratio and the amount of loss can be con-
trolled by the number of bits used to quantize the levels
of the error images. Even better results can be obtained
by incorporating the above scheme in a hierarchical frame-
work, e.g., image pyramids [2] or wavelets [3]. Tn this paper
we consider only linear transformations for A and B; it is
well known that Principal Component, Analysis (Karhunen
Loeve Transform) is optimal for linear transformations, cf.
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[4]. Tn the scalar case the optimal quantizer is the Tloyd-
Max quantizer [5], [6]. Therefore, one might expect that an
image compression method based on the successive appli-
cation of these algorithms would yield the optimal result.
This is not the case. In this paper we show that considering

the transformation and compression step together, 1.e.,
C(2) = C(B(A()) — )

can improve the results of these individually optimal meth-
ods.
With the

transformations (A, B) we try to minimize the error image

Let us describe the reasoning behind this.

which does not necessarily yield low compression errors.
For image compression we want to minimize the quantized
error images. Usually, the error images have an unimodally
shaped histogram centered at zero. However, for the result
of the compression (i.e., compression ratio and reconstruc-
tion error), it is irrelevant where the center of the histogram
s as long as the quantization intervals are moved in the
same direction. The best results could be achieved if we
had a multimodal histogram with peaks centered at the
quantization pins.

In this paper we present a method where the quantiza-
tion and transformation step are adaptively combined. Tn
particular, in Section TT we formulate both the transforma-
tion and the quantization in terms of neural networks, and
derive a learning algorithm for the combined network. Tn
Section TIT we demonstrate that this approach yields bet-
ter results than the statistically optimal methods applied
separately. Section TV gives some conclusions and outlines
further research.

IT. ADAPTIVE NETWORK COMBINATION

Principal Component Analysis (PCA) extracts the linear
subspace of the data where the variance of the data is max-
imal. During the last years, a lot of principal component
extracting neural networks have been developed (see [4],
[7] for a review). Tt has been shown that a linear autoas-
sociative neural network with a bottleneck hidden layer is
able to extract the principal component subspace.

In quantization one tries to map the data on a small
set of cluster centers. Many neural network based meth-
ods have been proposed which also perform clustering, e.g.,
Learning Vector Quantization, Competitive Learning, Self-
organizing Feature Maps, and so on, cf. [8].

We use an autoassociative network to perform PCA and
simple competitive learning to perform quantization. The
result of combining these networks 1s depicted in Figure 1.



In the left part of the figure we see a standard MIL.P, where
the input vector x i1s propagated via the weight matrices
A and B to the output layer, so we have y = Bh = BAx.
Then, the errors z = # — y = (I — BA)x are computed
and quantized at the quantization layer ¢. (Note that the
connections with weights (—1,1) are used to compute the
error and are fixed.)

PCA Quantization

X A h

B Yy z c

Fig. 1. The Adaptive Network Combination (ANC)

Generally speaking, when presenting an input pattern
x;, the MLP computes y, = f(x,,6), where 8 is the set of
adjustable parameters (i.e., the weights). Tnstead of mini-
mizing the mean square error > |[z;||> = >, 37, 22, where
z;, 18 the I-th component of z;, we minimize the quantized

error which equals > min,, > (e, — z;)?. By setting
_ : 2 _ 2
p; = argmin,, Zl(cml —zy)? and Fj; = (Cp,l — zy)” we
have for simple competitive learning
IFy _ 2 — 2)s M=y,
e, 0, otherwise.

To adapt the MLLP we compute the gradients

OF, 0B, 0z 0z,
t= o = 20— 2 o
90, Dz 00, T

The error function is continuous, but not continuously
differentiable at the cluster boundaries. If z, lies exactly
on such a boundary' one can choose arbitrarily one of the
two cluster centers in order to perform gradient descent.

In the ANC, the weights are adapted according to the
gradients computed above. That means, the MTLP does not
adjust its weights in order to decrease the reconstruction
error, but the weights are adjusted in order to decrease the
distance between the error made and the cluster pin by
which the error is coded.

"This happens with probability 0 for a continuous input set.
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TTT. EMPIRICAT. RESULTS

We report the experimental results on the house image
as depicted in the left part of Figure 2. The image consists
of 128 x 128 pixels with gray values in the range [0, 255],
transformed to [—1, 1]. For training the image is split into
vectors or matrices according to the used network and an
appropriate subset of them is randomly chosen for train-
ing and testing. We use online learning in our experiments
(with the exception of the Lloyd-Max algorithm). To pro-
vide better readability the mean square error (MSE) in the
tables is multiplied by 100.

Our experiments are performed as follows: First, the
MTLP is trained until convergence to optimally reconstruct
the input, afterwards a quantizer is trained until conver-
gence to cluster the errors made by the ML P. The weights
of the MLP and the cluster centers of the quantizer are
used as the initial weights for the ANC. This network 1s
then trained with the learning algorithm described in the
previous section.

Let us first demonstrate that ANC outperforms the in-
dividually statistically optimal methods, then we briefly
report further experiments relevant to image compression

applications.

A. Comparison with PCA and Lloyd-Mazx

In order to compare the results to the individually sta-
tistically optimal methods we use PCA and scalar quanti-
zation with Tloyd-Max2. Tn this section we show how our
method 1mproves the successive application of these two
methods.

In order to have a simple structure we split the images
into 4096 4-dimensional vectors and compute the exact
PCA with 2 principal components. Figure 2 shows the
original image (left part), the reconstructed image (mid-
dle part), and the error of this reconstruction (right part).
One can see regular effects of the PCA in the horizontal
stripes and that the error is larger at the edges (e.g., roof).
The mean square reconstruction error is 0.5327% 1072, Ap-
plying a Lloyd-Max Quantizer with 4 clusters to the error
image gives an quantized error of 0.1079+ 102 This is the
result of the successive application of the two individually
statistically optimal methods.

For our method we train a 4-2-4 network to reconstruct
the data. The errors of the MLP are quantized by the
scalar Lloyd-Max quantizer with 4 clusters. Then, the
ANC is trained. This procedure is repeated for 30 ran-
Table T shows
the average MSE and its standard deviation after train-

dom initializations of the MILP weights.

ing the MLP, after quantizing the error and after training
the ANC. The column Decrease gives the decrease of the
error of the ANC as compared to the MLP/Quantization

2Tt is possible only for the scalar case to calculate the optimal quan-
tizer.
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Fig. 2.

tion

Original Tmage; PCA Reconstruction; Error of Reconstruc-

approach. For comparison we also show the results of the
Lloyd-Max quantization of the PCA error (Lloyd-Max).

All Data are the results obtained when training the net-
work with all 4096 vectors. We see that on average the
ANC decreases the error by more than 12%. ANC signifi-
cantly outperforms the successive application of PCA and
Lloyd-Max.

To test generalization we applied the weights trained on
the house image to a larger image (containing the original
house image). The results can be seen in the Generalization
part of Table I. Similar results are obtained when training
the networks with just 1000 data vectors of the original
house image and testing it with 1000 different vectors.

Fig. 3. Errors of Reconstruction: PCA, MILP+Quantization, ANC

In Figure 3 one can see the error images for the PCA
without error quantization, the combined MTL.P and Quan-
tization approach, and the ANC (the darker the image, the
bigger the error). To provide better visibility the square
root, of the error 1s depicted and a common lookup table is
adjusted.

Figure 4 illustrates that the ANC does more than just
some fine tuning of the parameters. Figure 4a shows the
histogram of the errors made by the linear MILP and by the
MTLP part of the ANC. The MILP part learned to reproduce
the data in a way that is adapted to the quantizer.

In Figure 4b we see the error curves for the quantiza-
tion algorithm and the ANC algorithm. We see that as
soon as the ANC is trained the error drops immediately.



TABLE T

MSE whHEN UsiNG A 4-2-4 TiINEAR MTLP anD 4 CLUSTERS

All Data (zeneralization
mean sdev mean sdev
MIL.P 0.5416 | 0.00021 | 0.5859 | 0.00036
Quantization 0.1175 | 0.00057 | 0.1298 | 0.00054
ANC 0.1033 | 0.00008 | 0.1201 | 0.00014
Decrease 12.09% | 0.43% 7.51% | 0.40%
Lloyd-Max 0.1079 0.1298
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(a) Histograms of Errors of the linear MLLP (dashed) and
of the MIP part of the ANC (solid) together with the
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(b) Error Curves for 6 different Fxperiments for the
Tloyd-Max Quantizer (left) and the ANC (right)

Fig. 4.

T.earning Behavior of the ANC
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So, usually 5 to 10 presentations of the data to the ANC
are enough to get significantly better results than for the
MT.P/Quantization approach, in most cases the error de-

creases already significantly after just one epoch.

B. Further FErperiments

In the previous section we have shown that our approach
improves the performance of the successive application of
the individually optimal methods, PCA and Lloyd-Max
quantization. Tn this section we summarize results on other
more “realistic” experiments done with different numbers
of clusters, two-dimensional data, and vector quantization

instead of scalar quantization.

o In [9], [10], [11] we have proposed a method called
“PCA Pyramids” where PCA is used within an image
pyramid to obtain the reduction and expansion func-
tions between the levels of the pyramid. The com-
pression ratios and the error obtained compare favor-
ably with other compression techniques. The MTLPs
used for PCA pyramids are not fully connected au-
toassociative networks, but have heavy constraints on
the weights resulting from the image pyramid struc-
ture. When using these MI.Ps the ANC approach also
improves performance in a similar manner as in the
previous experiments, see Table TT.

o Tt is well known (e.g., [5]) that vector quantization al-
ways yields better compression rates than scalar quan-
tization. Therefore, we investigated whether the ANC
also has an effect with vector quantization. Again, the
ANC reduces the error, see also Table TI.

o Table TT shows an experiment on the house image
where we have used a PCA network in a pyramid
(4 x 4/4 pyramid) and a vector quantizer with 32 clus-
ter centers. ANC considerably improves the perfor-

mance of MILP and Quantization.

TABLE 1T

RESULTS ON 2-DIMENSIONAT, SURTMAGES

MLP | Quantization ANC | Decrease
mean | 0.8159 0.3336 | 0.2717 18.56%
sdev | 0.0088 0.0165 | 0.0023 0.99%

e We also trained the ANC initialized with random
weights, not with the pre-trained weights of the
MLP and Quantizer. This approach sometimes yields
even better results than the ML P-Quantization-ANC-

approach, but the variances of the results are higher.

TV. CONCLUSION

In this paper we have shown how to adaptively com-
bine different types of networks, in our case MLLP and VQ.
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This combined approach outperforms the successive train-
ing of the networks and the successive application of the
statistically optimal methods. This demonstrates that the
formulation of “conventional” algorithms in terms of neu-
ral networks gives us additional possibilities not available
in each of the methods alone.

We are currently working to incorporate the proposed al-
gorithm in the PCA pyramid framework for purposes of im-
age compression. Previous results on PCA pyramids with
uniform quantization and the results reported here give us
considerable confidence that this extension can yield high
compression rates at very low error.

The work presented here demonstrates that a lot of effi-
ciency can be gained by considering the individual steps of
compression jointly rather than separately. Our framework
can also be adapted to other image compression techniques.
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