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Abstract

In this paper, we present a simple and heuristic ramp
sharpening algorithm that achieves local contrast en-
hancement of vector-valued images. The proposed al-
gorithm performs pixelwise comparisons of intensity
values, gradient strength and directional information
in order to locate transition ramps around true edges
in the image. The sharpening is then applied only for
those pixels found on the ramps. This way, the contrast
between objects and regions separated by a ramp is
enhanced correspondingly, avoiding ringing artifacts.
It is found that applying this technique in an itera-
tive manner on blurred imagery produces sharpening
preserving both structure and signature of the image.
The final approach reaches a good compromise between
complexity and effectiveness for image simplification,
enhancing in an efficient manner the image details and
maintaining the overall image appearance.

1. Introduction

An important issue in image processing is the en-
hancement of the subjective quality of digital images for
human interpretation or machine application [7, 1, 9].
When dealing with images which suffer from poor con-
trast, are captured under nonuniform illumination con-
ditions and/or evidence the presence of noise - e.g.
satellite images [13], photographs [4] - there is ample
room for improving their visual appearance [4]. But the
goal of image enhancement also includes other tasks,
such as simplifying the image, so that it is often em-
ployed as a preprocessing step to reduce the complexity
in subsequent image analysis and interpretation [13].

In this context, various enhancement strategies and
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algorithms have been proposed [5, 9, 10]. Most of them
are heuristic, as they usually do not require any infor-
mation about how the image is degraded. However
classical approaches often fail in applications where
the basic spectral signature needs to be preserved, e.g.
multispectral reflectance in satellite images [11]. The
vector nature of multichannel images adds another de-
gree of complexity to the enhancement problem, due
to the inherent correlation between the different com-
ponents [11]. Following [8], we introduce in this pa-
per a new simple sharpening algorithm that is adequate
for many applications where fast image enhancement
preserving spatial structures and spectral signature is
required. The proposed technique performs pixelwise
comparison of intensity values, gradient strength and
directional information derived from the gradient struc-
ture tensor. The sharpening is performed only for pixels
found on the ramps around true edges, reducing their
width, while homogeneous regions are preserved. Ap-
plying this technique iteratively enables to reach a good
compromise between complexity and effectiveness for
image simplification. The interest for such a simple al-
gorithm, with little free parameters, is motivated by a
preference for little computational complexity.

The rest of the paper is organised as follows. In
Sec. 2, we introduce the ramp sharpening strategy for
edge enhancement. Sec. 3 presents the heuristic algo-
rithm used for image simplification. Sec. 4 discusses
the approach and presents its foreseen developments.

2. Ramp sharpening strategy

In many practical situations, the (greylevel) inten-
sity of pixels within an object vary slowly across the
smooth, homogeneous interior of this object [3]. While
the local contrast of such pixels should not be altered,
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the intensity of those pixels which are ’close’ to the
edges should be transformed. Indeed, the contrast of
an image correlates highly with the gradient magnitude
of its edges [3]. This suggests that improving the ap-
pearance of an image can be achieved by sharpening its
edges [9]. A common strategy is edge detection fol-
lowed by edge sharpening, which mainly consists in
amplifying the magnitude of edge gradients, or equiv-
alently the difference of pixel intensities on both sides
of edges [1]. However, such algorithms often introduce
over- and under-shoots, which causes questionable ring-
ing or halo effects [4]. Besides, the width of the edges
often remains unchanged, thus the sharpening effect is
limited for edges that are wide and blurry [8].

Ramp functions can be used as a model of the basic
structure of edges [3, 8, 4]. Indeed, the edge between
two homogeneous regions usually spans over several
pixels that form ramps [13]. In greylevel images, a
ramp edge is usually represented as a slope going from
dark to bright pixels at a constant rate. However, for
most real images, the rate of change first increases, then
peaks, and then drops back to zero [8]. In particular,
the gradient value of a blurred edge becomes lower as
the differences between the values of pixels close to it
and belonging to different objects become smaller [3].
Therefore, it may be increased - and, hence, the edge be
sharpened - by processing the ramp pixels so that they
become closer to the object values [1]. Using this ob-
servation, a one-pass algorithm with linear complexity
was developed in [8] to perform enhancement by lo-
cal analysis of intensity and gradient. This approach
is composed of three major steps: (i) decide whether a
pixel belongs to a ramp edge or not, (ii) detect which
part (low L, mid M or high H) of the ramp it lies on,
(iii) in the case it lies on the L or H part, compute
a sharpened value to assign to it. The sharpening al-
gorithm is handled strictly locally, simply operating in
3 x 3 local windows. For each pixel in an image f,
it estimates 3 intensity indices: fr, far, fur (resp. gra-
dient: g1, gnr, gg) derived from a weighted averaging,
depending on the gradient orientation, of its local inten-
sity value (resp. gradient norm) with that of its 8 im-
mediate neighbours [8]. These indices reflect both local
intensity and gradient distributions along the gradient
direction. The intensity slope is then used for checking

1. if fg > far > fL, the pixel is on a ramp.

The algorithm further processes ramp pixels only, over
which it compares gradient indices. They indicate the
location of a pixel relative to the ramp centreline [8]

2. if gg > gm > g1, the pixel is situated on the low
half L of the ramp as the intensity slope is increas-
ing along its gradient direction,
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3.if gg < gum < g1, the pixel is situated on the
high half H of the ramp as the intensity slope is
decreasing along its gradient direction.

4. if gy < gum & gy > g, the pixel is on the cen-
treline M of the ramp as its gradient is higher than
that of its neighbours along its gradient direction.

Following, the intensity of a pixel is adjusted: if it is
located on the H half, its intensity is increased; if it is
located on the L half, it is reduced; if it is located on
the M area, or if none of the above criteria 2-4 holds,
its value is unchanged. In particular, the location of the
centreline of an edge will not drift away from its orig-
inal place. One difficulty of the approach is that it is
not possible to ascertain the amount by which the in-
tensity of a pixel L or H needs to be changed. In [8],
an estimate of this value is given by interpolating from
neighbours selected to be those pixels lying on the same
side of the ramp. The interpolation is obtained for one
unit away from the pixel in the direction opposite to the
centreline. The new value f; of a pixel located on the
H half with initial value fj, for instance, is given by
if £=9M > (.5

= fo+C-(fn—fm) =g
fo+2-C-(fu — fu) - =21

with C' a factor compensating metrication error in the
interpolation, and similarly for L pixels (see [8]).

)

else

3. Heuristic vector enhancement algorithm

We extend the unidirectional ramp sharpening tech-
nique of the previous section by involving certain
heuristics in the different steps of this approach. The
study so far has dealt with scalar images only, and
its extension to the vector case is not straightforward.
When it comes to the processing of multichannel im-
ages, a vectorial approach is usually preferred, in order
to preserve the inherent correlation between the differ-
ent channels. The main difficulties for extending [8]
regard: (i) the extraction of the ramp pixels: criterion 1
is dependent on an ordering defined on the vector space,
unfortunately it is not possible to define uniquely such
ordering, (ii) the estimation of the gradient and its direc-
tion: it becomes a problem of detecting local changes in
a vector field, and (iii) the estimation of the amounts by
which the (vectorial) pixel values need to be changed.
Therefore, adapting previous criteria 2-3 and Eq.(1) is
necessary for processing vector-valued images.

A nice way of describing local multispectral in-
formation is given by the gradient structure tensor
(GST) [6, 11]. The GST is a local measure of the di-
rectional signal variations based upon the gradient that



allows accurate structure and geometry estimation [6],
and is easily generalised for vector-valued images [2].
The estimation of the GST S of a mD image {f"}i<,
consists in computing locally the (2 x 2)-matrix: S =
K, (X0 (VENVFDT), where * is the element-
wise convolution operation, V f. is the gradient of the
i-th component f? pre-smoothed by a Gaussian with
scale o, and K, is an analogous smoothing kernel of
scale p. The pre-smoothing of the f? is done to atten-
uate sensitivity to noise, while the Sobel operator used
in [8] is highly noise sensitive. The subsequent averag-
ing integrates information from a local neighbourhood
without cancellation effects. For more accurate estima-
tion, we follow two recommendations of [6]. First, the
gradient V f2 is up-sampled (factor 2) prior to the cal-
culation of its outer product, which improves the esti-
mation of S in the presence of corners. Second, we
use a spatially-varying small-sized hourglass kernel K ,,
with adaptive orientation. The estimated eigenvalues
A+ > A_ of the derived nonlinear tensor S give the
rates max and min of vectorial changes of f, while the
corresponding eigenvectors e, e_ are the directions of
changes max and min. In particular, e represents the
direction of the multispectral gradient. The tensor rep-
resentation also provides a reliable estimate of the gra-
dient norm: tr(S) = Ay + A_. However, it does not
uniquely specify the sign of the eigenvectors. This un-
determination in the orientation causes some difficulties
in locating ramp pixels. A simple solution is proposed
in [11], where the orientation of the tensor is approxi-
mated by the orientation of the gradient of the average
fom of the m channels of f. The scalar product of f,,
with e_ determines the orientation: if it is negative, the
direction of the eigenvector e is flipped, otherwise it
is unchanged. Following, we estimate the intensity in-
dices fi, fi,, fi; for the different channels f?, and a set
of gradient indices gr., g, gy derived from the ten-
sor norm. Moreover, we refine the discretisation of the
tensor orientation and perform the interpolation defin-
ing the indices using, again, the corresponding oriented
hourglass function of [6].

We apply the ramp sharpening in an iterative manner.
At each step, the indices are calculated (using constant
o = 0.5 and p = 1 along with the iterations for the
GST) and the sharpening is applied. For that purpose,
we first modify the criterion 1 for the vectorial context

Lt 3| fiy > fig > fL &V A0 = Fr > A,
the pixel is on a ramp.

We require moreover a ramp pixel to have a gradient
magnitude ¢r(S) that is larger than a threshold value
defined locally as the median absolute deviation opera-
tor. Next, the criteria 2-3 are applied, unchanged, once
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Figure 1. lterative ramp sharpening of
a satellite multichannel image. Original
and sharpened (after 56 iterations) im-
ages (top), identified centreline pixels (in
dark) and plot of the humber of modified
pixels through iterations (bottom).

for all channels, e.g.

2) if gy > gm > g1, the pixel is situated on the low

half L of the ramp.

Instead of Eq. 1, the new expression for the value f7, 11
of a ramp pixel located on the H half at step k£ + 1 is
derived from step k as:

1)

with ¢ interpolated from the gradient norm |V f%| of
the ¢-th component, and similarly for L ramp pixels. Fi-
nally, we further ensure the convergence of the sharpen-
ing by constraining the absolute value of the adjustment
on each pixel to decrease with the iterations.

99

fiy1 = min <f1§ +C-(fg — fu) T+2.g

4. Discussion

In Fig. 1, we show the results of the iterative sharp-
ening of a satellite image together with the evolving
number of modified pixels. The proposed approach is
particularly appropriate when sharpening such image as
it preserves the spectral signature, without introducing
new artificial spectral signatures. Indeed, it increases




Figure 2. Sharpening of typical features.
Details of the input image of Fig 1 (left),
corresponding sharpened outputs (mid-
dle), with the detected centreline pixels
displayed on it (right).

the slope of edges without producing artifacts, which
renders clean, crisp edges, thereby improving the over-
all appearance of the image (see Fig. 2). This has the
effect of retaining the homogeneity of intensities within
a given region while enhancing the contrast between the
different regions. Similar to [3], our approach assumes
aramp model for edges, however there is no need for es-
timating the local scale as the iterative process enables
ramp sharpening at several scales. Moreover, it does
not use any information about the nature of the blur-
ring function and it is almost parameter-free. Typically,
a 2D linear ramp reduces to one-pixel width area after
few iterations and can be identified as the thin multi-
scale edges of the image. Finally, this approach is re-
lated to the morphological filter of [7], that switches be-
tween dilation and erosion depending on the local con-
vexity or concavity of the image. Compared to shock fil-
ters [10, 12], which provide piecewise constant results
and do not achieve true deblurring, it improves the vis-
ibility and the perceptibility of the various regions into
which an image can be partitioned.
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5 Conclusion

The approach described in this paper can be used
prior to segmentation or edge detection for making
these operations easier: simpler and more relevant
information can usually be obtained from the en-
hanced [13] image. Indeed, it reaches a good com-
promise between simplicity and effectiveness. More-
over, since the algorithm uses at each pixel a very small
neighbourhood and few iterations are needed, it can be
applied in a reasonable computational time and it is
straightforward to implement on a massively parallel
computer. However, an aspect of the problem we will
need to address is noise removal. Indeed, a critical issue
in the enhancement of images is the noise increase that
is produced by the sharpening process [5, 4].
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