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Abstract: Imaging techniques and applications often require heavy computations for finding the
k-nearest-neighbour of a given pattern. Texture synthesis, image colourisation and super-resolution
are all affected by this issue. Advanced clustering-based indexing schemas over metric spaces
speed-up efficiently both k-nearest-neighbour and range searches. By using them, we are able to
save CPU time without losing quality which would be lost using approximate approaches.
Moreover, with the proposed technique we are able to convert a batch process task into a real-time
task and, more importantly, it might be run on a typical user-end PC desktop rather than powerful
mainframes. It has been shown how the application of recently reported well-known indexing
schemas improves the speed performance of the above problems.
1 Introduction

‘The amount of data applications is growing fast and there is
the need to deal with them’. For example, in bioinformatic,
the growth of sequence data is increasing rapidly as well as
in networks where the internet size is accelerating exponen-
tially; this growth also affects imaging and computer vision
where new methods require more and more image proces-
sing. Applications need to perform exact queries such as
k-nearest-neighbour and range searches from these huge
databases. Given their heavy computational cost, approxi-
mate searches, which avoid to compute all the distances,
are hence preferred: they are usually performed using a
binary tree which earns CPU time but, on the other hand,
loses quality in the results (see [1]). A possible solution is
to use database clustering-based indexing schemas over
metric spaces. Many of them have recently appeared in
literature (see, for instance, MVP-tree [2], M-tree [3],
antipole-tree [4], SLIM-tree [5], FQ-tree [6], list of clusters
[7], SAT [8], TSVQ [9], AESA [2–12], iAESA [11]; the
reader is also referred to [12] for a survey on this
subject). When the metric space is also Euclidean, one
can see [13–15], X-tree [16] and CHILMA [17]. After
their data preprocessing, they are able to perform exact
searches by computing a small fraction of all the distances
required by the classic full searches. Moreover, their
approximate searches allow to save much more CPU time
than the ones executed by simple binary trees.
A clustering indexing schema first groups objects into

clusters. Then, for each cluster, it computes centroids and
all the distances between the centroids and the objects of
the relating clusters. During the searches, it visits only the
necessary clusters, pruning those which do not satisfy the
triangular inequality property.
Texture synthesis, image colourisation and super-

resolution are three important imaging applications which
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are often difficult because of the big size of the input
images. These problems have received a lot of interest as
their use is spread across numerous industry groups (e.g.
videogames, movies).
In all these problems, a k-nearest-neighbour over a metric

space with large dimensions has to be computed. This
makes them impratical in many cases. In this paper, we
show how the introduction of efficient data structures
improves the results and performances where the
k-nearest-neighbour search is key to the algorithm perform-
ance. Further applications can be found in the field of photo-
mosaic [18], [19].
We have conducted experiments on the application of

five recent different data structures which outperform all
the other methods for the efficient computation of the
k-nearest-neighbour search. They are the antipole tree [4],
the list of clusters [7], the TSVQ [9], the AESA [10] and
iAESA [11]. We decided to make use each of the above
algorithms to show that the time improvement does not
depend on the particular property of the data structure but
only on the current metric space.
The remainder of this paper is organised as follows: in

Section 2, we introduce some basic definitions for clustering
on metric spaces and the k-nearest-neighbour and range
searches problems. In Section 3, we present the data struc-
tures we have used with the relative implementation of the
k-nearest-neighbour search algorithms. Sections 4, 5 and 6,
respectively, describe the texture synthesis, the image
colourisation and super-resolution problems; timing and
number of distance computations with the use of the anti-
pole tree, list of clusters, TSVQ, AESA and iAESA for
speeding-up the process of reconstruction for each imaging
problem mentioned are shown as well. Section 7 ends the
paper with conclusions and future directions.

2 Basic concepts

The aim of clustering is to organise data based on similarity.
Basically, the data are split into disjoint clusters such that
the items within any group are similar and the items in
different groups are dissimilar. Data clustering algorithms
can be hierarchical or partitional. The hierarchical algor-
ithms which can be agglomerative (bottom-up) or divisive
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Fig. 1 Texture synthesis input images and settings

Number of distance computations are shown in Fig. 3 and timing is in Fig. 4
(top-down) find successive clusters using previously estab-
lished clusters, whereas partitional algorithms determine all
the clusters in one go.
The schemas we used for comparisons are both hierarch-

ical (antipole, TSVQ) and partitional (list of clusters,
AESA). Some of them (e.g. antipole) perform a clustering
of the space in order to perform a more efficient
k-nearest-neighbour.
When clustering is used with metric spaces, then some

restrictions on the similarity measure are imposed.
Formally, a metric space M is a set of points with an associ-
ated distance function d:M � M ! R, where R is the set of
real numbers. For all x, y, z[ M, d is required to satisfy the
following conditions:

1. d(x, y) � 0 (positiveness);
2. d(x, x) ¼ 0 (reflexivity);
3. if x = y ! d(x, y) . 0 (strict positiveness);
4. if d(x, y) ¼ 0 then x ¼ y(identity of indiscernibles);
5. d(x, y) ¼ d(y, x) (symmetry);
6. d(x, z) � d(x, y)þ d(y, z) (triangle inequality).

Well-knownmetric functions includeManhattan distance,
Euclidean distance, string edit distance or shortest path dis-
tance through a graph. Different data structures which
make use of clustering to index a metric space solve effi-
ciently k-nearest-neighbour and range searches. Given a
250
query object q, a database S, a threshold t and an integer
k . 0, the range search problem is to find all objects o [ S
jdist(o, q) � t, whereas the k-nearest-neighbour search
problem is to retrieve the k-closest elements to q from S.
When the dimension of the metric space becomes high (say
�50), the performances of all the existing data structures
on range and k-nearest-neighbour searches decrease. This
is because of the well-known problem of the curse of dimen-
sionality [20]. How the search complexity exponentially
grows with the space dimension has been shown in [21]. A
successful way to alleviate the curse of dimensionality is to
use approximate and probabilistic algorithms for
k-nearest-neighbour search. Many interesting data structures
have been proposed in literature [4, 7, 9–11, 22–24]. All of
them are able to solve efficiently both k-nearest-neighbour
and range searches.

3 Acceleration schemas

3.1 Antipole tree

The first data structure considered is the antipole tree [4]. It
consists of a binary tree where each node contains clustering
informations on two subsets of the input. The clustering is
performed by a recursive top-down procedure starting
from the given data set of elements and checking at each
step if a given splitting condition is satisfied. If it is satisfied,
IET Image Process., Vol. 1, No. 3, September 2007



Fig. 2 Texture synthesis results with exact searches

Output textures are 256 � 256; input images and experiments settings
are shown in Fig. 1
a Texture
b Money
c Fire
d Bubbles
then that pair of objects (A, B), called antipole pair, is gen-
erated and is used to split the data sets into two subsets SA
and SB. Each subset is obtained by assigning each point p
of the data set to the subset containing the endpoint
closest to p of the antipole (A, B). If the splitting condition
is not satisfied, then the given subset is a cluster and an
IET Image Process., Vol. 1, No. 3, September 2007
approximate centroid is computed. The splitting condition
states that the dist(A, B) is greater than the cluster diameter
threshold which is based on a statistical analysis of the pair-
wise distances of the input set. All internal nodes are anno-
tated with the antipole endpoints and the corresponding
cluster radius; leaves contain the centroid of the correspond-
ing final cluster. The building process details are discussed
in [4] where it is also shown that its computational cost is at
most O(n2).

3.1.1 k-nearest-neighbour search via antipole tree:
The antipole tree solves efficiently the problem of exact
and approximate k-nearest-neighbour search.
The exact k-nearest-neighbour search algorithm takes as

input the antipole tree T, the query object q and the par-
ameter k indicating the number of elements requested and
returns the k closest elements to q. Hjaltason and Samet
[25] proposed the incremental nearest-neighbour to
perform k-nearest-neighbour search in spatial databases.
This approach has been applied to the antipole tree as
shown in [4]. The algorithm uses two different priority
queues. One is used to store the k objects which will be
returned as output and the other stores the subtrees of the
antipole which may be visited during the search. The incre-
mental nearest-neighbour search starts by adding the root of
the antipole tree in one priority queue. Then, recursively, it
extracts the minimum from the priority queue. If the
extracted node is a leaf, it visits it. Otherwise, according
to the subtree’s radius, the distance of the antipole endpoint
from the query, a threshold t and the triangle inequality, it
visits one of its subtrees.
As discussed in [4], the approximate k-nearest-neighbour

search algorithm follows the best path in the tree from the
root to the leaf and returns the centroid stored in the leaf
node. This algorithm uses the same idea of TSVQ [9] to
find quickly an approximate nearest-neighbour of the
query object. As for the TSVQ, the timing and accuracy
of the solution depends on the size of the tree.
Fig. 3 Number of distance computations for synthesis of textures in Fig. 1
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Fig. 4 Synthesis reconstruction times for textures in Fig. 1
Comparisons in [4] between the antipole and TSVQ
approximate k-nearest-neighbour search show that the anti-
pole tree improves on TSVQ.
As the antipole tree uses a randomised tournament tech-

nique to find the local centroids, all the experiments we
present in this paper about the antipole tree exact and approxi-
mate searches have been averaged over 20 executions.

3.2 List of clusters

The list of clusters has been used in different applications
for its effectiveness. As discussed in [7], given a centre c
and a radius r, a set of all the objects which are at distance
at most r from c is considered as the first cluster. Then the
process is repeated recursively on the remaining elements.
The building procedure returns a list of triples which
would be a list of clusters. Different strategies for choosing
a good radius and other algorithmical details can be found in
[7] where it is also shown that it costs at most O(n3/2) to
build this data structure using optimal settings. We
implemented the list of clusters as described in [26] with
both strategies for the radius selection: partitions of fixed
radius and partitions with fixed size. For the centre selec-
tion, we used the (p4) strategy when using clusters of
fixed radius; (p3) and (p5) strategies have been used in
the presence of buckets of fixed size. Our choices have
been made according [26] where it is shown that using
the strategy above list of clusters computes a lower
number of distances in the presence of clusters of fixed
radius (p4) or in the presence of buckets of fixed size (p1)
and (p5). Throughout the paper, we will refer to LoC1 as
the list of clusters with clustering of fixed radius and (p4)
for centre selection, LoC2 when using buckets of fixed
size and (p3) for centre selection, and LoC3 for buckets of
fixed size and (p5) for centre selection. Details on how
the heuristics of fixed radius and fixed bucket size affects
the performance of the index are discussed in [26].
252
3.2.1 k-Nearest-neighbour search via list of clus-
ters: The k-nearest-neighbour for the list of clusters works
with one priority queue which maintains the current
k-nearest objects to the query. First, the starting cluster is ana-
lysed and the queue is filled with k elements. Let dmax the dis-
tance of the farthest element to the query which lies in the
queue. When the queue is full, the triangle inequality is
applied in two ways: if a new cluster is being visited then
if d(c, q)–r . dmax the cluster is pruned. If one cluster has
not been pruned then it is visited and, for each element
ei, if d(c, ei)–r . dmax then the element is pruned, otherwise
the distance d(ei, q) is computed. Comparisons between the
antipole and list of clusters can be found in [4]. How the
approximate incremental nearest-neighbour search algorithm
is applied to the list of clusters is shown in [27].

3.3 Tree structured vector quantisation

One of the most successful data structure is the tree structure
vector quantisation (TSVQ) [9]. It works as follows. It first
takes as input a set of training vectors and generates a
binary-tree-structured codebook; then it computes the cen-
troid of this set and uses it as the root level codeword. The cen-
troid and a perturbed centroid are chosen as children of the
root, and locally optimal codewords for them are computed
using a generalised Llyod algorithm. The training vectors
are split into two groups based on these codewords and the
algorithm then recurses in each of them. The algorithm recur-
sively divides the set of training sequences into two different
parts in order to get a balanced tree. The process ends when
the number of codewords exceeds a chosen size or the
average coding error is below a certain threshold. The final
codebook is the collection of the leaf level codewords.

3.3.1 k-nearest-neighbour search via TSVQ: TSVQ
can be used for fast approximate k-nearest-neighbour
search. Starting from the root, the tree is traversed in a
best-first ordering by comparing the query with the two
IET Image Process., Vol. 1, No. 3, September 2007



Fig. 5 Approximate k-nearest-neighbour search comparisons between antipole, list of clusters (LoC1, LoC2, LoC3), TSVQ and iAESA for
‘Texture’ image

Input image is 65 � 65, whereas output images are 256 � 256
Under the input image, there is the neighbourhood used; under each produced texture, there is the running time in seconds and the number of
distances computations
See Fig. 1 for input image dimensions
children codewords and following the one with a closer
codeword. When a leaf node is reached, the search ends
and the codeword of the leaf node is then returned. The
result codeword is usually close to the optimal solution,
and the computation is more efficient than full searching.
When the tree is balanced, a single search with codebook
size S can be achieved in time O(log S), which is much
faster than exhaustive searching with linear time complex-
ity. The TSVQ source code used for the experiments
has been downloaded from [28]. Comparisons about
the approximate and full searches between the
IET Image Process., Vol. 1, No. 3, September 2007
antipole, TSVQ and classical sequential method are
shown in [4, 29].
Both the antipole tree and TSVQ are binary trees. The key

differences of the antipole tree with respect to the TSVQ are:

† The antipole is able to perform both exact and approxi-
mate k-nearest-neighbour searches, whereas TSVQ solves
only approximate k-nearest-neighbour search.
† The splitting condition of the antipole tree uses a ran-
domised tournament technique and does not make use of
the Llyod algorithm as TSVQ does.
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Fig. 6 Approximate k-nearest-neighbour search comparisons between antipole, list of clusters (LoC1, LoC2, LoC3), TSVQ and iAESA for
‘Flowers’ image

Input image is 65 � 65, whereas output images are 256 � 256
Under the input image, there is the neighbourhood used; under each produced texture, there is the running time in seconds and the number of
distances computations
See Fig. 1 for input image dimensions
† The antipole tree stores in each internal node N the dis-
tances from N to all the objects which previously were in
the same subset. Hence, it is able solve efficiently the
exact k-nearest-neighbour search.

3.4 AESA

The approximating and eliminating search algorithm
(AESA) and AESA-based related techniques are among
the fastest methods for k-nearest-neighbour search in
254
general metric spaces. In our experiments, we have used
both AESA and iAESA, an AESA improved version
which makes use of a better prediction function.

3.4.1 k-nearest-neighbour search via AESA: Let M
be a metric space, P , M a set of points and q [ M a
query point. The AESA algorithm solves the
k-nearest-neighbour search problem using an iterative pro-
cedure: it first chooses a pivot element which is compared
against q. Then it tries to filter out from P as many candi-
dates as possible until all the candidates are either compared
IET Image Process., Vol. 1, No. 3, September 2007



Fig. 7 Approximate k-nearest-neighbour search comparisons between antipole, list of clusters (LoC1, LoC2, LoC3), TSVQ and iAESA for
‘Strips’ image

Input image is 65 � 65, whereas output images are 256 � 256
Under the input image, there is the neighbourhood used; under each produced texture, there is the running time in seconds and the number of
distances computations
See Fig. 1 for input image dimensions
or discarded. Let P be the set of pivots already compared
against q. The next pivot is then chosen as the candidate c
for which

D(c) ¼
X
p[P

jd(c, p)� d(p, q)j (1)

is minimised. The triangular inequality is used in this
process: given two candidates p, p0, d(p, q) � jd(p, p0) 2
d(p0, q)j. Then the distance from any other candidate p to
IET Image Process., Vol. 1, No. 3, September 2007
q can be easily bounded below by B(p) ¼ maxp 0[Pjd(p,
p
0) 2 d(p0, q)j with P being the set of previously selected

candidates. The number of distance computations required
by the AESA algorithm for the k-nearest-neighbour search
is only a small fraction of the total number of candidates
and this number is asymptotically independent of the total
number of candidates.
iAESA is an improved version of AESA which makes use

of a different technique to select the next pivot. Let P , U
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Fig. 8 Approximate k-nearest-neighbour search comparisons between antipole, list of clusters (LoC1, LoC2, LoC3), TSVQ and iAESA for
‘Bends’ image

Input image is 65 � 65, whereas output images are 256 � 256
Under the input image, there is the neighbourhood used; under each produced texture, there is the running time in seconds and the number of
distances computations
See Fig. 1 for input image dimensions
be the set of pivots already compared against q with the pre-
order �u defined as: for y, z [ P and u [ U, y �u

z , d(u, y) � d(u, z). Every object u can compute its pre-
order of P and associate it to a permutation. Let
Pu ¼ p1, p2, . . . , pjPj with pi � piþ1 (meaning that d(pi,
q) � d(piþ1, q)), a permutation of u; let P21

u (pi be the
position of the element pi in the permutation Pu.
Two equal elements will have the same permutation,
whereas two similar elements will have similar permutation.
Given P the set of pivots already compared against q,
the next pivot is the one for which the Spearman Footrule
256
predictive function

F(u) ¼ F
Y
u

,
Y
q

 !
¼
Xjpj
i¼1

Y�1

u

(pi)�
Y�1

q

(pi)

�����
����� (2)

is minimised.
The probabilistic iAESA has also been considered for the

approximate k-nearest-neighbour problem. In this case,
instead of checking each candidate, the algorithm would
check a certain number, according to the desired precision.
IET Image Process., Vol. 1, No. 3, September 2007



Fig. 9 Image colourisation results for exact nearest-neighbour search

First column is the input image with its size; second column is the greyscale image; third column shows the original coloured image and its size; the
fourth column shows the results
IET Image Process., Vol. 1, No. 3, September 2007 257



Fig. 10 Number of computations for image colouring for images in Fig. 9

Fig. 11 Image colouring reconstruction times for images in Fig. 9
IET Image Process., Vol. 1, No. 3, September 2007258



Fig. 12 Image colourisation timing and number of distance computations for approximate nearest-neighbour search

See Fig. 9 for input image and space dimension
Algorithms have been run by using a neighbourhood 5 � 5
IET Image Process., Vol. 1, No. 3, September 2007 259



Fig. 13 Image colourisation timing and number of distance computations for approximate nearest-neighbour search

See Fig. 9 for input image and space dimension
Algorithms have been run by using a neighbourhood 5 � 5
Even if the complexity of AESA is O(jPj . n) and iAESA is
O(jPj2 . n), experiments on iAESA [11] show improvements
up to 75% of the number of distances (see [10, 30–33] for
further details on AESA and iAESA).
260
4 Texture synthesis

Texture synthesis is an important issue in many appli-
cations in computer graphics. Textures are commonly
IET Image Process., Vol. 1, No. 3, September 2007



Fig. 14 Image colourisation timing and number of distance computations for approximate nearest-neighbour search

See Fig. 9 for input image and space dimension
Algorithms have been run by using a neighbourhood 5 � 5
employed when rendering synthetic images. Given a
texture sample, the goal of texture synthesis is to synthesise
a new texture that, when perceived by a human observer,
appears to be generated by the same stochastic process.
Hence, starting with a texture input, the major challenges
are how to estimate the stochastic process and how to
develop an efficient procedure to produce a new texture.
Texture synthesis techniques can be explicit and implicit.
Explicit methods (an extensive literature could be found
in [34–41]) generate all the textures directly and the
value of each texture pixel is related to other pixels. On
the other hand, implicit methods (see [42–44]) answer a
query about a given sample without computing the whole
texture and they allow texels to be evaluated
IET Image Process., Vol. 1, No. 3, September 2007
independently. In [45], the authors build a method with
both advantages of explicit and implicit methods: their
method synthesises new textures simply from given
examples and it allows textures to be evaluated in any tra-
versal order where different traversal orders always yield
identical results starting from the same initial inputs.
Another kind of texture synthesis methods are the ones
which try to transfer texture patches from samples adjust-
ing the borders (see [46, 47]).
All the explicit methods are computationally expensive as

they have to load the input images database and then perform
a nearest-neighbour search on the database. For this reason,
usually, approximate searches are preferred, as in [41],
with the subsequent losing of quality of results. We show
261



Fig. 15 Full search results

First two columns show, respectively, the input and the training image with their size
Third column shows the results obtained using the bicubic interpolation and the output size; fourth column shows the results obtained using the
method we implemented
IET Image Process., Vol. 1, No. 3, September 2007262



Fig. 16 Number of distance computations for super-resolution of images in Fig. 15
that using an efficient data structure for indexing the data-
base, we are able to obtain the highest texture quality
saving a lot of the time spent by the classic full-search tech-
nique. To give an example of the potential gain we get, we
have implemented the texture synthesis technique discussed
in [41] with the acceleration of different data structures
above described. In this method, given an input texture
patch together with a random noise having the desired size
of the output image, the algorithm modifies the random
noise image to make it looks like the given example. First,
in raster scan order, for each pixel of the input texture, a
IET Image Process., Vol. 1, No. 3, September 2007
causal neighbourhood is computed and stored in the database
together with the RGB value of the current pixel. In the
reconstruction process, the value of each output pixel is
determined in raster scan order by comparing its spatial
neighbourhood with all the neighbourhoods in the database.
The input pixel with the most similar neighbourhood will
be assigned to the current output pixel (see [41] for more
details and [29] for the introduction of the antipole tree and
list of clusters in the above procedure).
In Fig. 1, we show the time comparisons of the

implemented texture synthesis technique with the exact
Fig. 17 Super-resolution reconstruction times for images in Fig. 15
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Fig. 18 Super-resolution for the antipole, list of clusters (LoC1, LoC2, LoC3), TSVQ and IAESA using approximate k-nearest-neighbour
searches

Timing in seconds and number of distance computations are displayed
Neighbourhood 7 � 7 has been used meaning that the space dimension is 186
See Fig. 15 for the data set size
nearest-neighbour search for different input textures. The
first column reports the input textures. We have used
input textures of 64 � 64 pixels to synthesise 256 � 256
output textures. The second column shows the size of the
neighbour and the number of multiresolution levels used
264
(see [29] for details about texture synthesis with multireso-
lution); jDj and jSj represent, respectively, the size and the
space dimension of the data set for each level of multireso-
lution. Some synthesised textures are shown in Fig. 2.
Figs. 3 and 4 report, respectively, number of distance
IET Image Process., Vol. 1, No. 3, September 2007



Fig. 19 Super-resolution for the antipole, list of clusters (LoC1, LoC2, LoC3), TSVQ and IAESA using approximate k-nearest-neighbour
searches

Timing in seconds and number of distance computations are displayed
Neighbourhood 7 � 7 has been used meaning that the space dimension is 186
See Fig. 15 for the data set size
computations and the times in seconds of the reconstruction
process with the exact searches: sequential, antipole tree,
list of clusters, AESA and iAESA.
The reader can observe two important considerations

which hold also for the other imaging problems we have
considered:

† The outputs for sequential, antipole, list of clusters and
AESA full searches are always the same and are shown in
Fig. 2.
† We have not included the TSVQ in Fig. 2 as it does not
solve the exact k-nearest-neighbour search.
† Using one of the cited data structures, it is possible to
speed-up enormously the texture synthesis reconstruction.
The earned time is lower when the search space becomes
bigger because of the curse of dimensionality. For texture
synthesis, this happens when the size of the neighbour-
hood is high. For example, when the neighbourhood size
is f9 � 9, 1g f9 � 9, 2g f9 � 9, 3g f9 � 9, 4g (see
Straw, Pills, Strips), the gained performance is lower
than the ones obtained with smaller neighbourhoods.
IET Image Process., Vol. 1, No. 3, September 2007
Figs. 5–8 display a comparison between the antipole,
list of clusters, TSVQ and iAESA approximate searches
(see [4] for a well-described performance comparison in
function of the computed distances of approximate nearest-
neighbour searches between the antipole and list of clus-
ters). All the parameter settings (choice for radius,
bucket size, number of iterations and so on) affect the
results for all the data structures. For each of them, it is
possible to find a reasonable trade-off between the
quality and the performance. When the space dimension
gets too high, the obtained gain is small. Note that for
all the experiments, the required times for building the
data structures have been included. We have noticed that
the antipole tree produces reasonable output images
keeping the number of distance computations low. We
have not focused on a full comparison of all the cited
data structures because that would go beyond the
purpose of this paper. Here we want to emphasise that
the introduction of indexing schemas speeds up numerous
imaging problems and this does not depend on the particu-
lar property of the space.
265



Fig. 20 Super-resolution for the antipole, list of clusters (LoC1, LoC2, LoC3), TSVQ and IAESA using approximate k-nearest-neighbour
searches

Timing in seconds and number of distance computations are displayed
Neighbourhood 7 � 7 has been used meaning that the space dimension is 186
See Fig. 15 for the data set size
5 Image colourisation

Greyscale images such as old black-and-white photos,
classic movies or scientific illustrations can be coloured in
order to increase their visual appeal. The problem of colour-
isation consists in finding colour information for an image
whose pixels are characterised only by the luminance.
Different pixels may carry the same luminance but different
hue and/or saturation values; the problem of colourising
greyscaled images hence has not correct solution and
human interaction plays a large role in the colourisation
process. There are different techniques for image colourisa-
tion (see [48–52]), most of which use training set to learn
how to colourise greyscaled images. The method we
implemented is the one introduced by Welsh et al. [53].
In their work, colours are transferred from a source coloured
image to a target greyscale image using a similar technique
as the one seen for texture synthesis in [41]. First of all, both
colour source and target greyscale images are converted to
YUV colour space. This colour space provides three
decorrelated channels, Y for the luminance which is a
crucial datum for the procedure, U and V for the yellow–
blue and red–green channels. Then, for each pixel of the
source image, in raster scan order, we build a vector
consisting of the luminance neighbourhood of the given
pixel. We store in our data structures all the obtained
vectors together with the UV components of the given
pixel. Then we pass to the target greyscale image. In
raster scan order, we build the luminance vector in the
same way as we did for the source image. Then we search
in the database the nearest luminance vector according to
the L2 distance metric and transfer its UV components to
the target image. Details of the algorithm can be found in
[53] and details of how an indexing schema is used in the
whole procedure are in [54]. With such a technique, it is
also possible to colourise video by transferring colour from
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a source colour image to a target frame. If the frame is
successfully colourised, then all the similar frames consist-
ing of the same objects will be colourised similarly.
Fig. 9 shows some graphical results for exact search

obtained using a neighbourhood 5 � 5. Figs. 10 and 11
show the corresponding number of distance computation
and seconds employed for the colourisation process,
respectively.
As seen for the texture synthesis, it is possible to

speed-up more the colourisation process using the approxi-
mate searches of the cited data structures. Figs. 12–14
show graphical and timing results for the images shown in
Fig. 9 using approximated searches. As there is no multire-
solution, the space dimension is generally lower than the
one built for texture synthesis; this results in a better
performance for each of the cited schemas with respect to
the classical sequential search. For both Fig. 12 and 14,
the preprocessing times for building the data structures
have been included. Similar considerations made at the
end of Section 4 apply here.

6 Super-resolution

Zooming is very important when dealing with images.
Super-resolution is a technique that, in some way, enhances
the resolution of an image. If we want to interpret an image,
we are limited to the resolution of the image. If we zoom
beyond its resolution, then the necessary interpolation will
create a blurred image. Super-resolution techniques guess
the missing data to make the zoomed image looks
sharper. There are different methods which try to zoom an
image. The cubic spline [55] is a common image interp-
olation function but it does not work properly in guessing
image details. Other methods [1, 30–62] start with the
cubic-spline interpolation and try to guess the missing
details. Another method [63] uses as a reference the sharp
IET Image Process., Vol. 1, No. 3, September 2007



and blurred versions of the same image to create by analogy
the sharp version of a given input image. We implemented
the one-pass algorithm of Freeman introduced in [62] and
discussed in [1]. The idea is learning how to sharpen a
given input image from a training set of sharp images con-
taining low-, mid- and high-frequency data. For each image
of the training set, we consider its low- and high-frequency
patches. Then, each M � M low-frequency patch is linked
to the overlapping of borders of correspondent N � N high-
frequency patch for the spatial effects constraint. A par-
ameter, a is used to adjust the importance of matching the
low-frequency patches against matching the neighbourhood
high-frequency patches in the overlap pixels. As the algor-
ithm works under the hypothesis that the predictive relation-
ship between low- and high-resolution images is
independent of local image contrast, patch pairs are normal-
ised by the average absolute value of low-frequency patch
across the RGB channels. The produced vectors are stored
into a database together with the N � N high-frequency
patches. Once the database is ready, the input image is
scaled up using a cubic-spline interpolation. The process
of building pixel vectors is similar to the one seen for train-
ing set generation; the high-frequency patch associated to
the nearest vector to the current one according to the L2
norm is added to the initial interpolation to obtain the
output image (see [1, 62] for major details). In [1, 62],
because of the high dimension of search space, the
authors use approximated approaches for nearest-neighbour
search. Given the efficiency of the discussed data structures,
we used them to index the space and for nearest-neighbour
searching. Fig. 15 shows the graphical results for exact
k-nearest-neighbour searches. Note that the outputs are
always the same. Figs. 16 and 17 report, respectively, the
number of distance computation and timing in seconds,
respectively. Similar to image colouring, as there is no mul-
tiresolution, the obtained metric space is lower than the one
built for texture synthesis. This allows the indexing schemas
to perform better in terms of both number of distance com-
putations and times. The searches of all the mentioned
schemas outperform the classical sequential search.
Figs. 18–20 displays the outputs for the approximate
searches for images in Fig. 15. Here is clearly visible how
the approximate searches affects the quality of the outputs
but it allows to save always more than 50% of the time.
The times required for building the data structures have
been included for both exact and approximate results.
Same considerations made at the end of Section 4 hold
here too.

7 Conclusions

In this paper, we have shown how the introduction of effi-
cient data structures helps to solve efficiently different
image problems (texture synthesis, image colourisation
and super-resolution). We have considered the antipole
tree, list of clusters, AESA, iAESA and TSVQ schemas
because they are recent data structures which efficiently
perform exact and approximate searches in metric spaces.
All of them speed up the image reconstruction process.
When the space dimension increases, the gain decreases
for the curse of dimensionality. Even if the approximation
search gives satisfactory results in almost all cases, it
should be better to introduce ad hoc metrics devoted to
better quantify the visual distortion for imaging appli-
cations. For all the experiments that we have conducted,
we used a Mobile Pentium 4 with 2.30 GHz and 512 MB
of DDR SDRAM equipped with Debian Linux 3.1. The
IET Image Process., Vol. 1, No. 3, September 2007
antipole, list of clusters, AESA and iAESA have been
implemented in ANSI C and Cþþ.
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