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Bilder „verbessern“
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ABSTRACT
A modification of the new edge-directed interpolation

method is presented. The modification eliminates the predic-
tion error accumulation problem with adopting a modified
training window structure, and further extends the covari-
ance matching into multiple directions for suppressing the
covariance mis-match problem. Simulation results show that
the proposed method achieves remarkable subjective per-
formance in preserving the edge smoothness and sharpness
among other methods in literature. It also demonstrates con-
sistent objective performance among a variety of images.

1. INTRODUCTION
Image interpolation is a process that estimates a set of un-
known pixels from a set of known pixels in an image. High
quality interpolated images are obtained when the pixel val-
ues are interpolated according to the edges of the original im-
ages. A number of edge-directed interpolation (EDI) meth-
ods that make use of the local statistical and geometrical
properties to interpolate the unknown pixel values are shown
to be able to obtain high visual quality interpolated images
without the use of edge map [1–6]. The New Edge-Directed
Interpolation (NEDI) method in [1] models the natural im-
age as a second-order locally stationary Gaussian process
and estimates the unknown pixels using simple linear pre-
diction. A covariance of the image pixels in a local block
(training window) is required for the computation of the pre-
diction coefficients. Compared to the conventional methods,
e.g. the bilinear method or the bicubic method, the NEDI
method preserves the sharpness and continuity of the inter-
polated edges. However, this method considers only the four
nearest neighboring pixels along the diagonal edges and not
all the unknown pixels are estimated from the original image,
which degrades the quality of interpolated image. Moreover,
the NEDI method has difficulty in texture interpolation be-
cause of the large kernel size, which reduces the fidelity of
the interpolated image, thus lower the peak signal-to-noise
ratio (PSNR) level. Markov random field (MRF) model-
based method [2] models the image with MRF model and
extends the edge estimation in other possible directions by
increasing the number of neighboring pixels in the kernel.
MRFmodel-based method is able to preserve the visual qual-
ity of the interpolated edges and also maintain the fidelity of
the interpolated image, thus enhances the PSNR level. The
more accurate the MRF model, the better the efficiency of
the MRF model-based method. The Improved New Edge-
directed Interpolation (iNEDI) method in [4] modifies the
NEDI method by varying the size of the training window ac-
cording to the edge size and achieves better PSNR perfor-
mance. The Iterative Curvature Based Interpolation (ICBI)
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method in [6] considers the effects of the curvature continu-
ity, curvature enhancement and isophote contour. By proper
weighting between these three effects, the ICBI method pro-
duces perceptually pleasant image. However, similar to the
iNEDI method, the performance depends on the chosen pa-
rameters. This paper will present an improvement of the
NEDI method, namely the Modified Edge-Directed Interpo-
lation (MEDI), which is an extension of our work in [7]. We
proposed a different training window to mitigate the interpo-
lation error propagation problem [7]. Later on, we found the
similar training window has been proposed in the Improved
Edge-Directed Interpolation (IEDI) [3]. The enlarged train-
ing window will inevitably increase the interpolation error
due to the worsen covariance mis-match problem, thus the
interpolation results obtained by IEDI is shown to be worse
than that of NEDI in most cases. As a result, we propose
to apply multiple training windows to mitigate the covari-
ance mis-match problem. The performance of the proposed
method is verified by extensive simulations and comparisons
with other EDI based interpolation methods, including the
NEDI, the IEDI, the iNEDI and the ICBI methods. The sim-
ulation results show that the proposed method generates high
visual quality images and demonstrates a highly consistent
objective performance over a wide variety of images.

2. REVIEW OF THE EXISTING METHODS
Consider the interpolation of a low-resolution image X (with
size H ×W ) to a high-resolution image Y (with size 2H ×
2W ) such that Y (2i,2 j) = X(i, j). This is graphically shown
in Figure 1, where the white dots denote the pixels from X .
The NEDI method is a two-step interpolation process which
first estimates the unknown pixels Y2i+1,2 j+1 (gray dot in
Figure 1(a)), then the pixels Y2i,2 j+1 and Y2i+1,2 j (black dot
in Figure 1(b)). The NEDI method makes use of a fourth-
order linear prediction to interpolate unknown pixel from the
four neighboring pixels, e.g. Y2i+1,2 j+1 is estimated from
{

Y2i,2 j,Y2i+2,2 j,Y2i+2,2 j+2,Y2i,2 j+2
}

as

Y2i+1,2 j+1 =
1

!
k=0

1

!
!=0

"2k+!Y2(i+k),2( j+!) (1)

To simplify the notations, and without ambiguity, the six-
teen covariance values and four cross-covariance values ob-
tained by the four pixels in eq.(1) are enumerated to be Rk!
and rk with 0 ≤ k,! ≤ 3, respectively, as shown by the la-
bels next to the arrows in Figure 1(a). For examples, R03 =
E

[

Y2i,2 jY2i,2 j+2
]

and r0 = E
[

Y2i,2 jY2i+1,2 j+1
]

. The optimal
prediction coefficients set " can be obtain as [1]

" = R
−1
yy ry, (2)

where " = ["0, · · · ,"3], Ryy = [Rk!] and ry = [r0, · · · ,r3].
The interpolation is therefore locally adapted to Ryy and ry.
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Interpolation von Bildern

Von niedriger in hohe Auflösung!

Unbekannte Pixel durch Analyse bekannter Pixel 
schätzen
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Interpolation über Kantenerkennung:

Gängige Methode

Autoren schlagen Verbesserung vor
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Beispiel: New Edge-Directed Interpolation (NEDI)

Lineare Vorhersage, ein „Training Window“

Ergebnis:

Scharfe, durchgängige Kanten

Diagonalen: Nur 4 benachbarte Pixel

senkt Qualität
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Beispiel: Improved New Edge-Directed Interpolation 
(iNEDI)

Modifikation NEDI

Lernfenstergröße entspr. Kantengröße variiert

Bessere Qualität!
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NEDI und iNEDI

Ein Lernfenster

Gewichtung durch Kovarianz

Häufig fehlerhaft, weil eingeschränkt!
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Modified Edge-directed Interpolation (MEDI)

MEDI: Vier Lernfenster

Gesuchter Pixel jeweils im Zentrum

Vier Gewichtungen - Vergleich

Je höher Energie des Lernfensters, desto 
wahrscheinlicher existiert eine Kante

Lernfenster mit höchster Energie: Lineare Vorhersage
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Modified Edge-directed Interpolation (MEDI)

MEDI: Vier Lernfenster

Gesuchter Pixel jeweils im Zentrum

Vier Gewichtungen - Vergleich

Je höher Energie des Lernfensters, desto 
wahrscheinlicher existiert eine Kante

Lernfenster mit höchster Energie: Lineare Vorhersage
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Figure 4: Illustration of (a) the single training window of the
NEDI method with edge “AB” and (b–e) the four training
windows of the MEDI method with edge “CD”.

Figure 5: Original image, interpolated images and error im-
ages of “letter Y” (Resolution enhancement from 100×100
to 200×200).

Figure 6: Pixel intensity maps of the original image and in-
terpolated images of “letter Y” in region A.

Figure 7: Pixel intensity maps of the original image and in-
terpolated images of “letter Y” in region B.
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Versuche

Bild auf 50% verkleinert

Dann Skalierung auf Originalgröße
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Ergebnisse

PSNR-Wert (peak signal to noise - Verhältnis 
maximale Signalstärke zu Störsignal)

SSIM-Wert (structural similarity index - Ähnlichkeit 
zweier Bilder)
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Synthetische Bilder

MEDI mit höchsten PSNR- und SSIM-Werten

Natürliche Bilder

Ergebnisse bildabhängig

Kein klarer Sieger zwischen vorn liegenden (NEDI, 
MEDI)
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Subjektive Betrachtung

Synthetische Bilder mit klaren Kanten: Nahezu 
identisch mit Originalen

MEDI liefert teilweise hervorragende Ergebnisse, löst 
einige Probleme anderer EDI-Verfahren
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Subjektive Betrachtung

Synthetische Bilder mit klaren Kanten: Nahezu 
identisch mit Originalen

MEDI liefert teilweise hervorragende Ergebnisse, löst 
einige Probleme anderer EDI-Verfahren

Image Resolution MEDI Bilinear NEDI [1] IEDI [3] iNEDI [4] ICBI [6]
Enhancement PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

Grayscale baboon 256×256⇒512×512 23.21 0.7123 22.27 0.6320 23.58 0.7361 23.24 0.7134 22.90 0.7280 22.47 0.7138
Bicycle 256×256⇒512×512 20.33 0.7790 18.56 0.6848 20.44 0.7726 20.41 0.7768 20.08 0.7812 18.90 0.7280
Boat 256×256⇒512×512 29.69 0.8911 27.06 0.8359 29.81 0.8910 29.75 0.8915 29.70 0.8920 29.21 0.8828

Grayscale F16 256×256⇒512×512 31.46 0.9326 28.34 0.8958 31.40 0.9308 31.46 0.9327 31.96 0.9375 32.44 0.9411

Table 2: The PSNR and SSIM of interpolated grayscale images by different interpolation methods.

ods using the same training window structure. Furthermore,
the covariance structure is identical in all cases because it is
a perfect vertical edge in the synthetic image. The outstand-
ing performance of the proposed method is emphasized in
the study of the intensity maps for region B as shown in Fig-
ure 7, which contains a diagonal edge. The interpolated edge
of the bilinear method is the most blurred. Halo effect is also
observed in the ICBI interpolated image. It is observed that
the IEDI method achieves sharper diagonal edges than that
of the NEDI method because a modified training window is
applied in the second step of the IEDI method, which fully
utilizes the original image information. The iNEDI method
results in sharp and smooth edge but the edge continuity is
not close to that of the original image. The proposed method
forms sharp and smooth edge, the interpolated edge structure
is highly close to the original edge, and thus shows the best
subjective performance among different methods.

Figure 3 shows the simulation results for the test image
“bicycle” with part of the original and interpolated images
being zoomed-in. Consider the enclosed edges, the proposed
method and the IEDI method show the most outstanding
performance in preserving the continuity, smoothness and
sharpness of the interpolated edge. The proposed method
further preserves the image structure even at the edge ter-
mination (enclosed with rectangular box). This verifies that
the proposed method is effective in eliminating the covari-
ance mis-match problem. Therefore, though both the pro-
posed method and the IEDI method show comparable ob-
jective performance, the proposed method outperforms IEDI
in preserving image structure because of the use of multiple
training windows.

5. CONCLUSION
An improved statistical optimized interpolation method, the
Modified Edge-Directed Interpolation is presented. The pro-
posed method overcomes the existing problems of new edge-
directed interpolation by considering multiple training win-
dow and modified training window structure. The covariance
mis-match problem is mitigated and the prediction error ac-
cumulation problem is eliminated. The performance of the
proposed method has been verified with extensive simulation
and comparison with other benchmark interpolation meth-
ods. Simulation results showed that the presented method
has achieved outstanding perceptual performance with con-
sistent objective performance that is independent to the im-
age structure.
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Edge-Preserving Wavelet-Based Multisensor Image
Fusion Approach

Lahouari Ghouti, Ahmed Bouridane and Mohammad K. Ibrahim

Abstract— Images emanating from multiple sensors have been
successfully exploited to reduce human and machine errors
in practical vision systems. Multiresolution-based schemes have
shown interesting potential in the fusion of images obtained from
possibly different types of sensors that need to be combined.
However, most of the proposed schemes treat all image features
equally regardless of their local importance. On the other hand,
the human visual system is more sensitive to edges and sharp
details. We propose an image fusion scheme where image edges,
characterized by wavelet maxima, are considered separately
from plain and low activity image regions. This edge-guided
fusion offers a trade-off between feature-based and pixel-level
fusion schemes. Images are combined in the wavelet domain
using a multiresolution representation that is more sensitive
to image edges. A comparison of the proposed method with
current multiresolution-based fusion schemes shows that the
proposed method can achieve better performance in combining
and preserving important details in the combined images.

I. INTRODUCTION

In recent years, there has been a growing interest in merging
images obtained using multiple sensors in academia, industry,
and military due to the important role it plays in the appli-
cations related to these fields. Image fusion, a class of data
fusion, aims at combining two or more source images from
the same scene into an image that retains the most important
or salient features present in all the source images according
to a specific fusion scheme. The composite image should
provide increased interpretation capabilities and significantly
reduce both human and machine errors in detection and object
recognition. Moreover, image fusion can be performed at three
different processing levels according to the stage where the
fusion takes place: pixel [1], feature [1] and decision level. In
this paper, we are interested in developing a fusion scheme
that combines aspects of pixel-level and feature-level fusion
approaches.

In pixel-level approach, all or a set of selected pixels
in the source images are combined to contribute to each
pixel in the fused image. Simple arithmetic rules or more
sophisticated combination schemes can be applied to serve this
purpose. It is worth noting that the adopted merging procedure
should, in essence, contribute to a considerable performance
improvement for all posterior processing tasks such as object
detection and human/machine vision.
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Feature extraction plays a major a role in the implementa-
tion of feature-level fusion approaches. Prior to the merging
of images, salient features, present in all source images, are
extracted using an appropriate feature extraction procedure.
Then, fusion is performed using these extracted features. The
extraction/detection stage should be optimal with respect to
image salient features and important regions.

Multiresolution analysis MRA, rooted in computer vision,
has received a lot of interest for its attractive features. The
application of MRA to image fusion is no exception. The
most attractive features are: MRA tools decompose an image
into bands that vary in spatial frequency and orientation. This
decomposition is very similar to that performed by the human
visual system (HVS). Therefore, MRA-based image fusion
is considered as one of the most powerful fusion methods.
Source images are decomposed into various wavelet subbands
of specific orientation and level1. All or selected wavelet
coefficients are combine to produce wavelet coefficients of
the fused image. Finally, the merged wavelet coefficients are
reconstructed to produce the fused image. Burt and Adelson
[2] are credited to be the first who proposed MRA-based
fusion for image coding and binocular fusion in human vision.
Their implementation is based on a pyramid structure called
Laplacian pyramid.

Toet [3] proposes a contrast pyramid approach to image
fusion of of thermal and visual images. Akerman [4] proposes
pyramid techniques for the fusion of images emanating from
multiple sensors. Burt and Lolczynski [5] suggest the used of
image fusion for the enhancement of image capture. Ranchin
et al. [6], present an investigatiuon of MRA-based image. They
implemented the proposed scheme through wavelet decom-
position. The proposed scheme allows enhancing the spatial
resolution of a SPOT image by making use of another image
obtained from the same satellite using a different band.

Chipman et al. [7] propose an algorithm for the fusion of
multispectral aerial photos. The proposed algorithm is based
on a set of basic operations on particular sets of wavelet
coefficients corresponding to specific wavelet subbands.

In [8], Li et al. develop an algorithm for MRA-based image
fusion. The proposed scheme employs an area-based selection
rule to pick up the maximum. A consistency verification step
is outlined.

Existing MRA-based methods have not investigated the
incorporation of an HVS model that is expected to improve
the overall performance of any MRA-based fusion scheme.

In this paper, we propose an image fusion scheme based

1Usually, it is noted that decomposition beyond level 5 does not provide
any improvement in performance.
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Improved Image Fusion Using Balanced
Multiwavelets

Lahouari Ghouti, Ahmed Bouridane and Mohammad K. Ibrahim

Abstract— This paper presents the use of balanced multi-
wavelets for image fusion. The proposed image fusion scheme
incorporates the use of balanced multiwavelets transform, which
uses multiple wavelet and scaling functions for the first time.
Wavelet-based fusion techniques have been successfully applied
to combine perceptually important image features because the
sensitivities of the human visual system (HVS) can be efficiently
incorporated in the design of wavelets. Balanced multiwavelets
have attracted attention for their desirable properties since they
can simultaneously achieve symmetry, orthogonality, compact
support and approximation order higher than one. Hence,
filters with shorter length are used yielding lower computational
complexity than scalar wavelet.

I. INTRODUCTION

With the availability of multi-sensor data in many disparate
fields such as remote sensing, machine vision, robotics, med-
ical imaging, and military application, effective sensor/data
fusion has received much attention in the literature. In multi-
sensor image, each of the input images conveys important
information that cannot be discarded.

Image fusion can take place at the signal, pixel, feature,
transform, and symbol level. Fusion techniques range from the
simplest method of pixel averaging to more sophisticated and
state-of-the-art methods such as multiresolution- and neural
networks-based fusion. Initially, multi-sensor images must be
correctly aligned on a pixel-by-pixel basis [1] for an effective
and successful fusion.

Usually, more generic requirements are imposed on the
fusion outcome such that: All relevant information in the input
images must be preserved in the resulting image to satisfy the
”information-preserving” rule [2]. Any irrelevant details such
as noise should be discarded from the result. The human visual
system (HVS) is primarily sensitive to moving light stimuli.
Any artifacts or inconsistency that would distract the human
observer should be also suppressed. The fusion scheme, being
employed, should not introduce such artefacts.

In this paper, the fusion based on balanced multiwavelets is
introduced for the first time. The results clearly demonstrate
the advantages of this approach. The paper is organized as
follows: In section 2, we briefly review a generic multiresolu-
tion fusion scheme and then we will introduce and motivate
the use of balanced multiwavelets in image fusion. In section
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3, we introduce the stages of the proposed fusion algorithm.
Experimental results of the proposed method are shown in
section 4. Then, the proposed fusion is scheme is compared
to a similar one based on unbalanced multiwavalets. Finally,
conclusions are outlined in Section 5.

II. IMAGE FUSION: SCALAR WAVELETS AND

UNBALANCED MULTIWAVELETS

The basic idea of multiresolution-based fusion techniques
is motivated by the ability of the wavelet transform to take
into account the properties of the HVS functionality. Wavelet
decomposition allows the extraction of important image fea-
tures such as edges [3]. Edges and corners are examples of
local contrast changes to which the HVS is primary sensitive.
Based on this motivation, wavelet-based fusion performs the
combination of the important image features such as edges in
the source images. The fusion process will produce a fused
image that retains all the most salient features of the source
images.

A. Scalar Wavelet Fusion

A straightforward approach to image fusion is to compute
the average of the source images pixel-wise. Despite the
simplicity of this approach, the low contrast of the fused
image seriously limits its use. To circumvent this limitation,
multiresolution-based approaches are proposed for image fu-
sion. The basic idea of all wavelet-based fusions schemes is
to combine all respective wavelet coefficients from the input
images. The combination is performed according to a specific
fusion rule [1]. The wavelet decomposition of each source
image fi(m,n) is performed leading to a multiresolution
representation. The actual fusion process is performed as
a combination of the corresponding wavelet decomposition
coefficients of all input images, to build a single wavelet
decomposition image. This combination takes place on all
decomposition levels k (k = 1, 2, . . . , L) where L is the
maximum wavelet decomposition level. Two different fusion
rules are applied to combine the most important features
of the input images. A basic fusion rule is applied to the
Lth-level approximation subbands. The three detail subbands
(horizontal, vertical, and diagonal) are combined using a more
sophisticated fusion algorithm as explained in Section 3. The
procedure for merging two source images using scalar wavelet
decomposition is illustrated in Figure 1.

Typical multiresolution decompositions include pyramid
transforms such as the Laplacian pyramid, gradient pyramid,
ratio of lowpass pyramid, and discrete scalar wavelet transform
[3]. Burt [4] first proposed a multiscale approach for binocular
fusion in human stereo vision. The proposed implementation
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Super Resolution Image By Edge-Constrained Curve 
Fitting In The Threshold Decomposition Domain / 
Wavelet Domain Image Resolution Enhancement 
Using Cycle Spinning And Edge Modelling

In beiden Papern:

Generierung eines hoch aufgelösten Bildes

aus einem niedrig aufgelösten



Super Resolution Image By Edge-Constrained 
Curve Fitting In The Threshold Decomposition 
Domain

Paper 1:

analytische Herangehensweise

Kanten im niedrig aufgelösten Bild

übertragen in hochauflösendes

Füllung mit weiterem Algorithmus (im Paper nicht 
näher erläutert)

Scharfe Kanten, aber unnatürlich wirkendes Bild



Super Resolution Image By Edge-Constrained 
Curve Fitting In The Threshold Decomposition 
Domain

Paper 2:

mathematische Herangehensweise

komplettes Bild wird vergrößert

Im Anschluss: Bereinigung des Bildes

Kanten weniger scharf, Bild wirkt aber natürlich



Zusammenfassung

Unterschiedliche Methoden zur Bildverbesserung

Aber alle im 2D-Raum

Anwendung im 3D-Raum?

Durchaus vorstellbar

Unterschiedlich stark anzuwenden

Änderungen an den Algorithmen notwendig
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