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Abstract

It is well known that real-time movie transmission over serial lines
makes a tough problem, which can be solved only by huge image compres-
sion rates. The classic compression algorithms have serious limitations on
that peculiar case because they are not “custom made” for images. We
have developed here a way to get 16:1 up to 21:1 compression rates, us-
ing neural networks trained with advanced supervised backpropagation
algorithms. These techniques, along with successive frames optimization,
may open a way to real-time movie transmission across the Internet.

1 Background

The classic non-destructive data compression algorithms applied on images may
give compression rates of about 3:1. These algorithms are very good because
they do not alter data, i.e. the uncompressed file resembles bit by bit the original
one. On the other hand, the JPEG and neural networks compression algorithms
cannot be used on anything else but images due to the inherent information loss
during the compression/decompression phases. Nevertheless, this shortcoming
is not crucial when speaking about images, especially movies. In this case, the
lost information is somehow inferred by the human viewer.

The JPEG algorithm uses the discrete cosine transform to process the image
data. This works very well: good compression rates, minimal quality loss. But,
when put at the highest compression rate (around 18:1) the image gets really
fuzzy, even indistinguishable. The method presented in this report will get worse
images than JPEG at low compression rates, but much better images than JPEG
at very high compression rates.
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Figure 1: The 64-8-64 neural network. There are actually connections between
each of the 64 units in input or output layer and the 8 units of hidden layer.

2 The Neural Network

We will consider that the processed image is a 256-level gray (eight bits per
pixel) image. The compression of a color (24 bits per pixel) image reduces to
compression of each of the three color planes (red, green and blue) individually.

We have chosen to divide the image in 8 x 8 pixels blocks, fed to a typical
64-8-64 neural network encoder (see figure 1) with bipolar sigmoidal activations,
after normalising the gray shades to real values in the range [—1.0, +1.0].

Several significant images were chosen to train the network, each of those
8 x 8 blocks being fed to the network in random order. Once the network was
trained on a specific image, it performed very well on virtually any other different
image.

The same input data was expected on the network’s output layer, the syn-
aptic weights being modified in order to get a minimal error. To adjust the
weights, Riedmiller and Braun’s Rprop' [1] learning algorithm was chosen.
Other algorithms (standard backpropagation, backpropagation with momentum
term, adaptive learning rate, conjugate gradient method) as well as a different
neural network paradigm — the self-organizing principal component analysis
network using generalized Hebbian learning rule — were experimented too, but
the results weren’t encouraging.

The usual backpropagation learning algorithm, proposed by Rumelhart, Hin-
ton and Williams [3] uses the partial derivatives of the error function (i.e. the
gradient) to minimize the global error of the neural network by performing a
gradient descent.
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I Rprop stands for Resilient backpropagation



The choice of the learning rate parameter £, which scales the derivative, has
an important effect on the time needed until convergence is reached. As it can be
easily observed, the size and sign of the derivative is considered when updating
the synaptic weights w;.

Rprop is a local adaptive learning scheme, much faster and stable than other
usual variations of the backpropagation algorithm. The basic principle is to elim-
inate the harmful and un-foreseeable influence of the size of the partial derivative
on the weight step. So, only the sign of the derivative is used to indicate the dir-
ection of the weight update. The size of the update is given by a weight-specific
update value A;;:
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The update values are determined from the following equation:
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The Rprop learning algorithm is based on ‘learning by epoch’; that means
the weight update is performed only after the whole gradient information is
available, after each training pattern has been presented and the gradient of the
sum of pattern errors is known.

Some authors have noticed that when using standard backpropagation the
weights in the hidden layer are updated with much smaller amounts than the
weights in output layer, so they modify much slower. Another advantage of
Rprop is that all of the weights grow uniformly.

When the training is done (a specified error threshold is reached), experience
shows that network should process any image. For compression, the 64 bytes of
each 8 x 8 block are presented to the network’s input and propagated through the
8 units of the hidden layer, getting at their outputs eight real numbers between
—1.0 and +1.0. In order to get a higher compression, we quantised these eight
values in 8 or 16 distinct levels, coded on 3 or 4 bits. In that way, the original
64 bytes are compressed to 3 or 4 bytes, getting a compression rate of 16:1 up
to 21:1.

To decompress a compressed image, the second layer of the neural network 1s
used. The binary data is decoded back to real numbers and propagated through
the 64 units layer to output, then converted from range [—1.0,+1.0] to positive
integer values between 0 and 255.

3 Successive Frames Optimization

In the case of movies even higher compression rates may be obtained, because
of the considerable amount of information which remains unchanged from one



frame to another.

Therefore, two different image transmission modes should be implemented:
the first one to send an entire image and the second to send only the differences
between the previous and current frame. Obviously, the first frame is sent as a
whole. For each of the following frames a decision must be taken: if there are
too many differences it should be better to send the frame using the first mode.
Otherwise, the second mode is preferred.

But when can we say that there are too many differences? To send an 8 x 8
block using the first mode it takes — let’s say — 4 bytes. Using the second
mode, because of the block index which also must be sent, it will take 6 bytes.
In this case, if we have to send more than 67% of the blocks there are too many
differences and the first mode should be used. Of course, taking a decision
implies much time, so a quick heuristic estimation should be made.

Because of the small number of bits used for each compressed block, there
is a big chance that the encoded data remains the same not only for unchanged
uncompressed blocks, but also for slightly different ones.

4 Pros and Cons

Maybe one of the most important ‘pro’ of this method is that it works very well
and there is still room for improvement.? The second, not to be neglected: it’s
freeware.

The serious ones are that it gets maybe one of the highest compression rates
at this quality loss, comparable to JPEG? and MPEG, and even better. Also,
the neural network encoder/decoder may be hardware implemented using digital
signal processors [4] or even dedicated VLSI neural network chips, saving very
much of the CPU time.

Of course, it has also ‘cons’ it requires a powerful computer to compress
or decompress images in real-time; the loss of quality makes impossible to send
images that contain text or fine details. Still, the method is perfect for videophone
over the Internet, and also for previewing movies and pictures before actually
downloading their time (and phone bill) consuming, full-color, full-screen, high-
quality versions.

5 Results and Future Work

We made hundreds of experiments on various types of images and we can say
at this high compression rates our method it’s better than JPEG when speaking
about image quality.

Over a 19200 bps serial line it can be obtained a frame rate of 4-5 frames
per second on gray scale movies, and even more if we count the modem’s data

2For instance, we compressed some 320 X 200 images from 64000 to 4000 bytes. The RAR
compression utility compressed those shrunk images from 4000 to around 3000 bytes. Of
course, if we use after neural network compression a classic archiving algorithm the processing
time may become unacceptable. Nevertheless, most modems have hardware real-time data
compression, which may solve our problem.

3 At lower compression rates, JPEG is still better, but what we try here is to get higher
compression rates, not higher quality. We succeeded to overcome JPEG’s quality at the edge
of extreme high compression rates, not over the whole range.



compression. This sounds encouraging, knowing that ISDN lines become more
and more popular, offering 64 Kbps and making possible a reasonable frame rate
on duplex video transmission, including sound.

Of course, many improvements have to be made to this method. One of
these should be to assign a number of bits for each hidden output according to
its statistical appearance percentage instead using a constant number of 8 or 16
quantising levels. Also, an important issue is the choosing of the training pat-
terns; a good selection may lead to faster and better training with a perceptible
image quality improvement.

An other thing is to elaborate fast routines that can be implemented with
DSPs in order to get high-speed compression/decompression without overload-
ing the CPU.

All that we can say is that we hope we opened a way to higher image com-
pression rates. It’s only the beginning and there are still lots of things to do,
but this beginning is promising.
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