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Abstract We propose a general method for gradient-based
training of neural network (NN) models to scale multi-
dimensional signal data. In the case of image data, thegoal isto t
modelsthat produceimages of high perceptual quality, as opposed
to simply a high peak signal to noise ratio (PSNR). There have
been a number of perceptual image error measures proposed in
the literature, the majority of which consider the behavior of
the error surface in some local neighborhood of each pixel. By
integrating such error measuresinto the NN learning framework,
wemay t modelsthat minimize the perceptual error, producing
results that are more visually pleasing. We introduce a spatial
error measure and discuss in detail the derivative computations
necessary for backpropagation. The results are compared to
neural networks trained with the standard sum of squared errors
(SSE) function, as well as a state of the art scaling method.

Index Terms image error measures, image scaling, image
interpolation, super-resolution, neural networks.

|. INTRODUCTION

E propose a new method for tting statistical learning

models using spatial error measures, and demonstrate
its use in the context of image scaling. Traditional error
measures examine and penalize each output value in isolation,
solely as a function of the difference between the actual output
value and the target value for that input vector. However, in
some applications such as image processing, the correlation
or co-location of errors can have a dramatic impact on the
importance and signi cance of the particular error. Spatial
error measures were developed to take these inter-output
interactions into account and to incorporate them into the
penalty function used during model tting.

The standard sum of sguared errors (SSE) measure is
inversely proportional to the peak signal to noise ratio (PSNR)
value between the scaled image and the target image, but
PSNR does not necessarily capture the perceptua quality
of the scaled image (see, for example, [1], [2]). We seek
other error functions that more accurately re ect the desired
results. Artifacts that are visually disturbing often correspond
to local correlations in the error surface. For example, a
checkerboard pattern in the pixel errors along a diagonal edge
corresponds to staircasing, and parallel straight lines along
an edge may correspond to smoothing or over-sharpening
artifacts. Appropriately de ned spatial error functions can
speci cally target such undesirable artifacts, and produce more
visually appealing images. Spatial error functions take into
account not only the relationship of a single predicted value
to the target value, but also the relationship of that prediction to
the other predicted values in a geographical neighborhood (for
images, this corresponds to pixels that are in close proximity
to the target pixel in the image array).

The image scaling problem is concerned with magnifying
an image while minimizing the loss of perceptual qual-
ity. Traditionally this problem has been approached using

weighted sums of neighboring pixels to estimate the value
of the interpolated pixel. For example, bilinear interpolation
and bicubic interpolation. However these methods tend to
produce undesirable blurring in the interpolated image [3].
More recently, new techniques have been introduced that use
a learning procedure, such as Resolution Synthesis [4] and
Example-based Super Resolution [5]. These methods reduce
edge blurring, but have other problems. Resolution Synthesis
can cause artifacts, mainly in textured areas, and Example-
based Super Resolution produces visually pleasing results but
has a high cost in memory usage.

The general architecture of our system is shown in Figure
1. During normal operation the system processes the low
resolution image a pixel at a time. A neightborhood of the
current pixel is transformed into a xed length vector which
is input to the neural network. The network outputs a xed
length vector of reals which are transformed into the high
resolution pixels in the output image corresponding to the
single input pixel. During training a high resolution image is

rst downscaled to create an input image with atrue, or target,
high resolution image. After each pixel is processed an error
is computed between the output image and the true image,
and the derivative of this error is backpropagated through
the network to iteratively improve and re ne the network
approximation of the interpolation function. Note that one
may use any of a number of downsampling methods, such
as pixel averaging, decimation, median Itering, smoothing &
decimation, and so forth. For our experiments we used pixel
averaging.

More formally, suppose we are presented with a low reso-
lution image L derived from a corresponding high resolution
image H, and by means of a scaling function f(L,«a) with
parameters «, we obtain an upscaled image I = f(L,a).
The distance between the upscaled image and the true high
resolution image may be measured by some metric E(I, H),
which we shall call the error function. Then the problem
of nding an optimal set of parameters o ts naturaly into
the general framework of optimization. Feed-forward neural
networks are an appropriate candidate for the model f since
they provide highly exible models which can be tted using
general optimization agorithms. Particular examples, which
will be considered in more detail below, can be found in [6],
(7] [8], and [9].

Our neural network processes the low resolution image
a pixel at a time. At each pixel a neighborhood of pixels
surrounding the current pixel of interest is encoded to form
the input vector. The network has an output for each pixel in
the high resolution image encompassed by the low resolution
pixel area. The network outputs are coded in a fashion similar
to the input vectors, so the system decodes the outputs and
places them in the high resolution image in the position cor-
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responding to the low resolution pixel. Initially we used SSE
during training, but we discovered that we often had artifacts
along diagonal edges and diagonal thin lines. In consequence,
we started investigating the possibility of punishing these
artifacts, and discovered that using an error measure that took
into account errors from neighboring pixels could reduce the
frequency of these artifacts without causing other artifacts.

In this article we focus on neural network models and
discuss spatial error functions in that context, detailing nec-
essary changes to the backpropagation tting algorithm. A
simple spatial error function based on a 3x3 neighborhood is
introduced, and results are compared to networks tted using
the traditional SSE error.

Il. PRIOR WORK

There has been a great deal of work done over the years on
image scaling, with some of the more recent works approach-
ing the problem using machine learning techniques. Plaziac
[8] implemented a straightforward neural network model for
image interpolation based on treating the low resolution image
as a decimated high resolution image, and lling in the
gaps using a neural network prediction. The networks were

tted using SSE, and the network input was a 24 pixel low
resolution context. The networks used 16 hidden nodes and
interpolated 5 high resolution values at a time. The image
expansion (2x upscaling) model is based on an interpolation
framework - that is, the low-resolution image is assumed
to be a point sampling of the true image signal. Thus the
training is done by decimating a high-resolution image, and

tting a network that supplies the missing high-resolution
values based on the decimated image. The author reported a
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signi cant improvement in PSNR over bilinear interpolation,
and a median based interpolation scheme.

Gustafson and Meyer [7] proposed using adaptive splines
in a neural network architecture for image interpolation, and
reported good results, although the article does not supply
much in terms of implementation details. The results are
compared only to a standard cubic spline interpolation, and
comparisons are given as reductions in mean squared error.

Lazzaro and Wawrzynek [10] used a neural network for
JPEG quality transcoding. This problem amountsto converting
alow quality JPEG imageto alarger JPEG image with reduced
artifacts, which is closely related to the general image scaling
problem. The networks are trained using a perceptual image
metric and the network architecture is quite speci ¢ to JPEG
information loss. The perceptual error measure does have a
spatial component, although it includes only information from
the neighboring true image values, rather than the tted values.

Some interpolating schemes, such as Resolution Synthesis
[4], propose a pre-processing step to segment the image into
patches of some (hopefully small) number of classes. The
patches in each class can then be interpolated using a standard
interpolation strategy (bilinear, bicubic, etc) that is optimized
for that class. Training images are used to design aset of Iters
which can be used to classify the image patches. For classes
containing edges, interpolation is generally done using a linear

Iter with parameters optimized to the training set examples.
Classes without edges are interpolated using a simpler method
such as hilinear interpolation. The user has control over the

Iter size and the number of classes allowed during training.

Another segmentation approach based on neural networks
is given in Admed [6]. This method uses two neural network
models in sequence. The rst performs principle components



analysis (PCA) on alarge input vector of candidate features
for a single pixel, such as gray level distribution, texture
measures, etc. The output of this network is a non-linear
projection of the original feature set onto a lower dimensional
space, where the projection is supposed to capture maximal in-
formation from the higher-dimensional feature set. The smaller
feature set is then passed to a second neura network which
is trained as a self-organizing map. This network clusters the
input observations into a set of classes that share common
characteristics. Once this clustering has been obtained, the
different pixel classes may be interpolated either using custom
built Iters, such as in Resolution Synthesis, or alternatively
using existing interpolation techniques such as hilinear or
bicubic.

Freeman [5] used an example based learning agorithm
for image interpolation. The learning set contains 5 x 5 or
7 x 7 tiles in the low resolution image and their corresponding
high resolution tile. The input image is tiled, and each tile is
compared to adata-baseto nd the best match. Once the match
is found the high resolution tile is plugged into the generated
high resolution image. In order not to have boundary artifacts,
the tiles are overlapped, and the tile which best matches the
previous one is chosen from all the candidates. As stated
previoudly, this method gives very good results both in textured
regions, and in terms of edge sharpness. However the imple-
mentation requires a large data base of image patches, the size
of which generally dictates the resultant quality. The memory
complexity (and possibly the computational complexity of the
data base search) required to achieve satisfactory results can
be prohibitive.

The search for a true perceptual image measure continues
to generate much activity in the image/signal processing liter-
ature, and also in psychology literature (for example see [1],
[11] and references therein). In our experience, the measures
proposed are very complicated, and therefore not suitable as
error measures in a learning framework. In particular, they are
often not differentiable and so cannot be used in gradient based
optimization schemes unless a suitable approximation to the
derivative can be found. An exception to this is the Structural
Similarity measure [2] which is differentiable.

I1l. NN TRAINING DETAILS

The neural network models are trained using a quasi-
Newton optimization algorithm (BFGS), and the network error
& error derivatives are computed using backpropagation. We
describe here additional architecture details, and the content
of the training set.

A. Network Architecture

We use a generalized feed-forward neural network architec-
ture with linear output nodes and tanh activation in the hidden
nodes. In this architecture, each input node is connected to
each hidden and output node, and we represent the connection
weight between node ¢ and node j by w;;.

The hidden nodes are ordered, and each hidden node is
connected to each subsequent hidden node and to each output
node. The rst input is a bias input with a constant value of

Fig. 2. Generalized feedforward architecture

one. Each network node has an index, with index O being
the bias input, indices 1,...N;, being the input nodes, in-
dices (N;y, + 1),..., (Nin + Npsiq) being the hidden nodes, and
(Nin, + Npig + 1),..., (Nin, + Npig + Nowe) being the output
nodes.

Let z; be the output from any node, input, hidden or outpuit.
The output function for hidden node ¢ in terms of previous
hidden nodes and inputs is shown in Equation (1). Since we
use linear output nodes, the output function for output node 4
in terms of previous output, hidden and input nodes is shown
in Equation (2).

i—1
Zi = tanh (Z ’wz'ij) (1)

=0

i—1
Zi= Y wijz 2
7=0

This exible architecture is very powerful and a network
of any given size can mimic any layered architecture with an
equivalent number of total hidden nodes. Figure 2 shows an
example network with three inputs, three hidden nodes, and a
single output node. In practice we have found that only a small
number of hidden nodes are required to provide satisfactory
results. In particular, we have found that reasonable results can
be obtained with between 10 and 30 hidden nodes.

B. Inputs and Output Scaling

For both the training and operation of the NN models
we assume that the input images are single channel (either
graylevels or a single color channel). We generate a single
input and target pattern for each low-resolution pixel, so the
target consists of u x u target values where u is the (integer)
scaling factor. The input pattern consists of a window around
the pixel of interest drawn from the low-resolution image. The
window size should increase as the scaling factor increases -
we have generaly found that a window size of 5x5 is suitable
for factor 2x upscaling, and 7x7 for factor 4x upscaling.

We use three data encoding schemes: direct, relative, and
scaled, but in general, scaling works best. Direct encoding
rescales input and output values to the range [0...1] by dividing
each input and output by 255. Network outputs are multiplied



by 255 and clipped to the range [0, ..., 255] to get image pixel
values. More formally, the trandation from image pixel value
to network value is speci ed as:

=2
255

where vsimpre (p) is the network input or target value and p
is the image pixel value. The trandation from network value
(output) to pixel value is:

Vsimple (p)

0 v <0
Dsimple (U) = 255 v>1
255-v o.w.

Since the network input and output values fal in the range
[0, ...,1], wemay naturally use logistic or linear output nodes.

Relative encoding builds on direct coding by rst dividing
inputs and outputs by 255 and then subtracting the value
of the central pixel of the input window from each of the
inputs and outputs, and nally removing the central pixel
from the input set. The outputs are also relative to the central
input pixel value, so the image pixel value is obtained by
adding the central pixel value to the network output, and
then multiplying the result by 255 and clipping to the range
[0, ..., 255]. This encoding reduces the dimensionaity of the
input / target space by making edges of similar height look
similar to the network regardless of the base value. If wede ne
dc = vgimpie (center), then we can de ne the trandations as:

Urelative (P) = Usimple (P) —dc

Drelative (U) = Dsimple (U + dC)

Since the network input, output, and target values al fal in the
range [—-1,..., 1], we may naturally use tanh or linear output
nodes.

Scaled encoding builds on relative encoding by dividing the
relative inputs and targets by contrast, which is a measure
of the contrast variation in the input window. We can de ne
contrast using the following equations. Values is the set of
Urelative VAlUES for the pixels in the input window:

values = {Vretative (P) | P € {input window}}

Range is the difference between the maximal and minimal
value in values:

range = max(values) — min(values)
and contrast is de ned as:
contrast = max (thresh, range) 3

where threshold is used to prevent noise in at regions from
being stretched to ook like edges, and is set to a value roughly
equivalent to 30 grey levels. This has the effect of stretching
the windows so that the underlying image structure is supplied
and predicted by the network. For example, an edge is treated
as an edge no matter what the contrast between the sides is,
nor the overall gray-level at which it occurs. Of course, in very

at regions the contrast is small, so we impose a lower limit
on the contrast value to prevent unreasonably large input and

target values in these regions. We can then de ne the scaled
transforms as:

Urelative (p)
— Zrelative ) 4
Uscaled(p) contrast “)
Dscaled(V) = Prelative (contrast - v)
Since the output values are not bounded by [-1,...,1], we

use only linear output nodes to avoid clipping the network
outputs and limiting the response of the system.

C. Training Images

During training the system takes each sample image and
down-samples it using pixel averaging to create a low res-
olution input corresponding to the origina (i.e. true) high
resolution image. Then it uses the neural network to generate
an interpolated high-resolution image. During the interpolation
process the training algorithm can compute the error between
each newly generated high resolution pixel and the correspond-
ing pixelsin the original image. This error is used to compute
the overall error function for the network, and its derivative
is back-propagated through the network to compute the error
gradient for the connection weights.

The models are trained on the image set used by Atkins
[4]. This set consists of 25 images of a variety of natural
images (people, landscapes, man-made objects, still life, etc).
The models are tested on a set of images that do not occur in
the training set.

In addition to learning how to interpolate images, it may
be desirable to do simple image processing at the same time,
such as selective sharpening, smoothing, or darkening. This
can be accomplished by training the neural network using
target images that incorporate the desired imaging effects.
The Resolution Synthesis method [4] takes a similar approach
when training its interpolation engine.

IV. SPATIAL ERROR MEASURES

Suppose that the total error E between two images Z and
T is given by

E(Z7 T) = ZC(V(zij)7V(tij))

where v denotes the vector of pixels in some pre-speci ed
neighborhood around its argument, z;;, ¢;; are the ij* pixels
of image Z and image T respectively, and ¢ is a differentiable
function. For non-spatial measure (such as SSE), the vector
v(z;;) contains only one value, namely z;;. In that case, the
derivative of the error with respect to z;; is simply:

O0E(Z,T) _ ¢(r(zij),v(ty))

62:1']'

azi]-
However in the more general case of spatia errors, we must

consider every pixel neighborhood v(zg;) such that z;; €
V(zkl)- That is,

OB(Z,T) _ 3 (BC(v(zkz),V(tu)))_

6Zij 6Zij

kl:zij €Ev(zri)



The computations of the error measure and its derivative are
not complicated, however the form of the derivative does
introduce some issues when this measure is to be used in a
backpropagation algorithm.

To begin with, let us consider the steps involved in the
standard backpropagation framework:

1) For some input pattern x and corresponding target
t;j, forward-propagate the input through the network
to compute the interna state of the network and the
network prediction z;; on input x.

2) Compute the contribution to the error of this prediction,
¢(zij,ti;), and the derivative of the total error with
respect to this network output, 22210 — 9C(issti)

0zij
3) Backpropagate the derivative 8E(Z T) through the net-

work to compute the contr|but|on ’this network output
makes to the total derivative of the error with respect to
the network weight vector.

The backpropagation step 3 requires that the internal state of

the network (speci cally, the output of each hidden node in

the network) is appropriately set by the forward-propagation

step 1.

For spatial measures the contribution to the error of network
output z;; depends on the network outputs zy € v(z;;)
and the derivative of this output error contributes to the
derivative of the total error with respect to each zj; € v(z;;).
This makes it dif cult to implement step 3, since the partial
derivative % cannot be known until all network outputs
contributing to this derivative have been computed. At that
point we need to back-propagate the partial derivative through
the network with network state set by the input pattern on
which output z;; was computed, which is not normally the
current state of the network. The following steps describe a
modi cation of standard backpropagation that is suited to the
special requirements of spatial errors.

1) For some input pattern x and corresponding target
t;;, forward-propagate the input through the network
to compute the internal state of the network and the
network prediction z;; on input x. The network state
(output values from each hidden and output node) is
saved in a buffer for referral when all the outputs in the
neighborhood v(z;;) have been computed.

2) Once al the outputs in neighborhood v(z;;) have been
computed, compute the contribution to the network error
¢(v(2i5),v(ti;)), and the derivative of this quantity with
respect to each output z; € v(z;;). These derivativesare
added to a second buffer containing cumulative sums for

each w

3) Once the errors Cw(zm), v(tu)) for aAl 2k € v(zij)
have been computed, and their corresponding derivatives
added to the buffer of cumulative sums, then the deriva-

tive value % is complete. The entry in the network
state buffer cdr]responding to the input responsible for
output z;; is loaded back into the network, and 2Z(Z1)
is backpropagated as per the usual backpropaganon
algorithm.

Note that the above algorithm, although computationally quite
ef cient, is expensive on memory due to the fact that the

previous network states are stored in step 1. If this memory
overhead is too high, then we may choose a more memory
ef cient implementation that pays a higher computational cost.
The agorithm for such an implementation is identical to the
above algorithm except that in step 1 the network state is
not stored, and in step 3 the network state is recomputed by
repeating the forward propagation of the relevant input pattern.
Thus the computationally ef cient implementation requires
a memory buffer suf ciently large to hold as many past
network states as will be needed for future error computations.
For a two dimensional signal (which, at least for images, is
usualy read in horizontal strips), an error neighborhood with
height m for a network with n hidden+output nodes would
require storage for m x w oating point vectors of length n,
wherew is the width of the signal strips. The memory ef cient
implementation does not have this overhead, but must forward
propagate each input pattern twice, rather than just once.

A. Matrix Error Measure

The goal of spatial error measures may be grasped intu-
itively by considering the error image presented in Figure 3.
In this gure we see (a) a 2x upscaling of a low resolution
image, (b) the true high resolution image from which that low
resolution image was derived, and the error image (c) obtained
by taking the channel-wise differences between (a) and (b).

The embossing seen in the error image corresponds to
the locations in the pixel replicated image where the most
visually disturbing artifacts are found. This simple observation
opens up the possibility of using the error image to detect and
penalize artifacts in the upscaling method. In particular, any

Iter that detects edges and lines will, when applied to the
error image, supply a value that can be used in a suitably
de ned penalty function. Recall that the penalty function (or
error measure) must be a metric, and must be at least once-
differentiable.

Asa rst step we consider acomplete basis of 3x3 masksfor
edge and line detection presented in [12] and cited in [13]. The
basis consists of three different sub-bases for edge, line and

average features. The (normalized) images resulting from
applying each of the sub-bases to the grayscale error images
in Figure 3(c) are shown in Figure 5. The average image (c)
corresponds to the penalties employed in conventional neural
network tting. For example, if the network is tted with sum
of squared errors, then the network error will be the sum of
squares of some linear transform of the gray-levels in this
image. Images (a) and (b), on the other hand, highlight the
errors corresponding to the jaggedness in the pixel replicated
image. It is just these features that we hope to introduce
penalties against in the network error function.

We now proceed to de ne a spatial error measure using this
basis. To smplify the formulae we de ne the pixel errors as:

€ij = Zij — tij ©)

where z;; is the network output value, and t;; is the target
network output. Further let v(e;;) be the vector formed from
taking al the pixel errors in a 3x3 neighborhood of (i, ),
where the pixels indices are read row by row.
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Fig. 3. (&) pixel replicated low resolution image; (b) true high resolution image; (c) error image = (a)-(b).
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Average:

Fig. 4. Orthogonal masks for edge and line detection.

@ (b)

Fig. 5. Grayscale feature detection results (8) edge (b) line (c) average

If we choose a positive de nite matrix A, then the error
function

E(Z,T) =Y ((v(zi5), v(ti;) = > v(eij)" Av(eij)

1,] .7
is positive for all non-zero error neighborhoods v(e;;). There-
fore we seek a positive de nite candidate for A that penalizes
the sorts of errors highlighted by the basis refered to above.
From Wolfram ([14] Equation 5) we know that a real sym-
metric matrix A is positive de niteiff there exists areal, non-
singular matrix M such that A = M7 M.

An obvious choice for M is formed by the row-wise
vectorization of the basis matrices from Figure 4 and is
shown in Equation 6. M is real and non-singular, and detects
edges and lines in the error image. However, we rst want to
normalize the detectors (rows) using a normalization matrix
N sothat I = (N -M)T(N - M), giving

N = diag | ———a— | - M
diag(M - MT)

Then we want to have a weight vector @ to explicity weight

0 1 1 -1 -1 0
-1 0 1 -1 0 1
-1 -1 0 0 1 1
-1 2 -1 2 -1 -1
-1 2 -1 -1 2 -1
-1 2 -1 -1 -1 2

each detector, so that

A = (diag(sqrt(@)) - N - M)T - (diag(sqrt(@)) - N - M).

De ning B=N-M and W = diag(®), and using a few
simple transformations, we get

A=BT.-w-B

which is positive de nite iff all the weights are positive and
M isred and non-singular.

Note that B is a basis, so this transformation is equivalent
to transforming the vector into another basis, adjusting the
features according to a penalty function in the basis space,
and then transforming back to the original space.

Since the feature detection basis gives a large response (in
absolute value) when the speci ¢ features described above
are detected, we can expect the square of this quantity to
be large and positive in the presence of edges or lines in the
error image, and approximate a traditional squared error metric
otherwise.

The only decision that remains is the weighting scheme
applied to the matrix M. It is reasonable that the rows of M






