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Multiframe Selective Information Fusion
From Robust Error Estimation Theory

Sarah John, Member, IEEE, and Mikhail A. Vorontsov

Abstract—A dynamic procedure for selective information fusion
from multiple image frames is derived from robust error estima-
tion theory. The fusion rate is driven by the anisotropic gain func-
tion, defined to be the difference between the Gaussian smoothed-
edge maps of a given input frame and of an evolving synthetic
output frame. The gain function achieves both selection and rapid
fusion of relatively sharper features from each input frame com-
pared to the synthetic frame. Effective applications are demon-
strated for image sharpening in imaging through atmospheric tur-
bulence, for multispectral fusion of the RGB spectral components
of a scene, for removal of blurred visual obstructions from in front
of a distant focused scene, and for high-resolution two-dimensional
display of three-dimensional objects in microscopy.

Index Terms—Image fusion, microscopy, multiframe processing,
multispectral fusion.

I. INTRODUCTION

IMAGE-processing techniques for information fusion from
multiple frames aim for enhanced comprehensive interpre-

tive capabilities. Traditionally, its application has been to remote
sensing, where multisensor data of different spatial, temporal,
and spectral resolutions are fused for integrated display, as a
means for image sharpening, improvement of registration ac-
curacy, feature enhancement, and improved classification [1].
Several data fusion techniques have been in use, among which
are those based on statistical techniques, such as the principal
component analysis (PCA) using the Karhunen–Loeve signal
decomposition [2], and Bayesian models [3]. PCA is particu-
larly useful for dimensional reduction of hyperspectral data with
considerable correlation between bands. In recent years, multi-
scale transform methods, such as the Laplacian pyramid [4] and
wavelets [5], [6] have been adapted to image fusion of multiple
sensor recordings at different spatial resolutions and spectral
bands [7], [18], the ARSIS concept combining such multiscale
methods [9]. A detailed study of aliasing effects associated with
using lower order Daubechies wavelets in multiscale methods is
of interest [10], [11].
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In this paper, the goal of selective multiframe information fu-
sion is restricted to multiple frame fusion of temporal and spec-
tral bands of fixed spatial resolution. The technique developed
in [12] for multiframe fusion is extended and demonstrated for
diverse applications. The fusion process is dynamic, achieving
simultaneous extraction and synthesis of the highest quality in-
formation from a sequence of input frames. The fusion rate is
driven by an anisotropic gain function, defined to be the differ-
ence between the Gaussian smoothed edge maps of the input and
the synthetic output frames, where an edge map is defined as ei-
ther the gradient or Laplacian of the image. Arguably, this tech-
nique addresses specific fusion problems at the feature level,
rather than at the pixel level [1].

The dynamical equation is a nonlinear partial differential
equation (PDE) derived from a variational principle minimizing
an error functional (the term energy functional is often used).
Various partial differential equations for image-processing
problems have been derived from the variational principle,
including those for segmentation problems based on the Mum-
ford–Shah functional [13], and those for noise reduction and
edge enhancement [14]–[18]. A nonlinear PDE in the form of
an evolution equation with anisotropic gain has been adapted
for multiple frame image fusion, with each frame processed
sequentially [12]. This is in contrast to the PCA technique,
where minimization with respect to the correlation matrix
requires simultaneous input data from all bands.

This paper extends the work of [12] by introducing the step
function to separate regions of active data fusion. Although this
separation is easily implemented as an algorithm [12], the intro-
duction of the step function makes evident the need for reevalu-
ating the minimization criterion. A class of error norms suitable
for selective information fusion is introduced, and a time evo-
lution equation with anisotropic gain derived from robust error
estimation theory. It is seen that the leading term of the PDE
obtains the same dynamical equation used in [12], which ap-
proximation also suffices for the applications considered here.
Several diverse applications are considered, such as multispec-
tral fusion, synthesis of a transparent view from partially ob-
structed scenes, mitigation of atmospheric turbulence effects in
imaging, and high-resolution depth microscopy.

This paper is divided into the following sections. In Section II,
the robust error estimation theory is reviewed, and error
norms for several image-processing applications presented. In
Section III, a nonlinear partial differential equation for image
fusion is derived from robust error estimation theory for a class
of error norms. Section IV considers applications to imaging
through atmospheric turbulence, multispectral imaging, re-
moval of blurred obstructions in front of a distant focused
scene, and two-dimensional display of three-dimensional (3-D)
objects in high-resolution microscopy. Section V addresses
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the computational complexity, and Section VI gives some
concluding remarks.

II. ROBUST ERROR ESTIMATION THEORY—A REVIEW

Consider the general problem of recovering unknown data
from a noisy observed data , where . An

estimation of , which will be termed the synthetic frame,
can be achieved by minimizing an error functional defined
by

(1)

where is the gradient, and the area of the frame, with
initial input . The function , termed the error
norm, is dictated by processing goals. For instance, if the aim is
to smooth noise, a least square error norm is appropriate. Several
error norms will be considered later in this section. The varia-
tional procedure leads to the Euler–Lagrange equation
as the minimization criterion

(2)

where . The best estimation for can
be obtained by solving (2) iteratively by gradient-descent opti-
mization technique [13], [15] or the equivalent dynamic scheme
[14]

(3)

where and is the time evolution
parameter. Starting with the initial condition
where is the input data, the iteration is continued until the
minimization criterion is satisfied, which is

(4)

In practice, however, only a finite number of iterations are per-
formed to achieve visually satisfactory results.

A. Isotropic Diffusion

The least-square error norm given by

(5a)

smoothes noise and depends only on the gradient of the function,
but not explicitly on the function itself. On substitution into (3),
the time evolution equation simplifies to

(5b)

which is the isotropic diffusion equation having analytic
solution

(5c)

where denotes the convolution of the Gaussian function
of standard deviation with , the initial data.

The solution specifies that the time evolution is a convolution

process performing Gaussian smoothing. The drawback, how-
ever, is that in the limit , the function smoothes
out into a constant value. Besides, mathematical analysis has
shown that isotropic diffusion not only smoothes edges, but
also causes edge shifts in edge maps [15]–[18].

B. Anisotropic Diffusion

Error norms that smooth anisotropically across edge bound-
aries while also enhancing edges and preserving edge locations
can be defined. Among several possible error norms of this type
is the Lorentzian error norm given by [15], [18]

(6a)

which, again, does not have an explicit dependence on ,
and where is a constant. It obtains the anisotropic diffusion
equation

(6b)

This has no analytic solution and must be solved numerically.

C. Isotropic Diffusion With Edge Enhancement

An error norm that combines isotropic smoothing with edge
enhancement is [12]

(7)

where , are parameters that compete between smoothing
and edge enhancement and is termed the anisotropic gain
function, which is a Gaussian smoothed edge map, one choice
being

(8)

where is the Gaussian of standard deviation and a con-
stant. Another choice is a smoothed Laplacian edge map. The
anisotropic gain function has significantly higher values around
edges or where sharp features are dominant compared to blurred
or smooth regions.

Substituting the error norm given by (7) into (3) obtains a time
evolution equation with anisotropic gain

(9)

that smoothes noise while enhancing edges. With , ,
the equation becomes

(10)

Then, for short time intervals, the anisotropic gain function
induces significant changes dominantly around regions of sharp
contrast, resulting in edge enhancement.

The foregoing considerations have been for single-frame pro-
cessing, the dynamic process achieving noise smoothing and
edge enhancement of a single-input frame.
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III. SELECTIVE INFORMATION FUSION

A. Error Norm for Selective Information Fusion

It is easy to adapt (10) to selective information fusion from a
sequence of input frames by writing it in the
form

(11)

where is a particular frame of the sequence of input frames.
Here, may be considered as the relaxation time, which is the
time period for which a single-input frame is held constant
in the dynamic fusion process. Each interval is further subdi-
vided into intervals K, where K is the number of iter-
ations for a single-input frame. In a succession of intervals of
time , with total time , the synthetic frame integrates
information dominantly from around focused regions from the
entire set of input frames.

The possibility of data fusion occurring in regions where the
anisotropic gain function is not high can potentially degrade
quality information already integrated into the synthetic frame.
To prevent such erasing effects, however small, a modified
anisotropic gain function is defined to be [12]

(12a)

together with constraint

(12b)

Here, and are the anisotropic gain functions
for the input and synthetic frames respectively, each constructed
as Gaussian smoothed edge maps according to (8) with
given by

(13)

The corresponding time evolution equation for selective infor-
mation fusion may be written succinctly as

(14)

where is the effective anisotropic gain func-
tion combining (12a) and (12b), and where is the step function
defined by

(15)

The component accomplishes selectivity by allowing
only comparatively higher quality information transfer, while
severely restricting or blocking data transfer in other regions.

B. Class of Error Norms for Selective Information Fusion

The previous error norm, as described by (14), is a member
of a more general class of error norms suitable for multiframe
selective information fusion as given by

(16)

where is a real positive number, and is defined as in
(12a). The functions and are constructed from Gaussian
smoothed gradient maps, as given by

(17a)

and

(17b)

where is a real positive number.
Indeed, as the anisotropic gain function for selective fusion

given by (12a) is dependent on as seen from (13), the mini-
mization of (1) for the error norm described by (16) gives the
evolution (A.2) as derived in Appendix A. The first term of
(A.2) may be considered to be a good approximation, partic-
ularly when , as higher orders of may be ne-
glected. Besides, the gradient terms appearing in the additional
terms contribute primarily along edges and sharp variations that
generate, if anything, substantial noise in the synthetic frame,
unless further smoothing operations is performed. Therefore, to
a good approximation

(18)

As before, the anisotropic gain function enables rapid fusion
of regions around selected focused regions, with the step func-
tion ensuring updates only of higher quality information from
the input frame compared to the synthetic frame.

IV. APPLICATIONS

Several diverse applications are considered in this section.
Although the evolution equation has been derived from the ro-
bust error estimation theory that, in general, obtains models for
smoothing Gaussian white noise, the purpose here is to treat all
registered information as being useful, with the primary objec-
tive for fusion of the highest contrast regions from each frame
within the set. Noise smoothing may be accomplished by in-
cluding the term that was dropped in going from (9)–(10), but
is not required for the high signal-to-noise ratio (SNR) images
considered here.

For information fusion from multiple frames to be successful,
two distinct issues must be addressed separately. Foremost is the
accurate alignment of the focused or ‘lucky regions” with re-
spect to the synthetic output frame that has boundaries fixed for
a centered scene. Alignment is particularly important in applica-
tions where camera motion is necessary to capture a scene from
different viewpoints, as in the case of visual obstructions in front
of a distant scene. The frame shifts are then global, and such
shifts can be determined by computing the correlation function
between frames and locating the coordinates of the correlation
peak [19], [20].

Increased accuracy is achieved by using the correlation func-
tion for edge maps as given by

(19)

where the functions in the integral may be defined as in (8) with
a very narrow Gaussian, as some smoothing is desirable to elim-
inate multiple peaks.
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Fig. 1. Imaging through moderate atmospheric turbulence. Left: Average frame. Right: Synthetic frame.

The second stage of processing is the dynamic fusion of se-
lected regions from an input frame into the synthetic output
frame using the discretized form of (18) given by the simple
algorithm

(20)

In most applications, the initial synthetic frame is taken
as the average of the set; it can also be a zero intensity frame, or
the first input frame in a real-time application. The values
and were found satisfactory for all applications.

A. Imaging Through Turbulence

It is a common experience that on a hot and windy day,
viewing through turbulent air is fuzzy with undesirable distor-
tions and blurring effects. Images captured with a high-speed
digital camera, however, reveal scattered regions of sharp
focus where turbulence effects are low, even at times attaining
superresolution due to the lens effect of pockets of turbulent
air [21]. By selectively extracting and fusing such patches
of focused or “lucky” regions from each frame, a focused
wide-field-of-view frame is obtained as was shown in [22]
for laboratory simulated turbulence. Here, the more realistic
case of atmospheric turbulence is considered. The multiframe
image fusion technique proves to be an effective tool, even
in the case of anisoplanatism, when image quality is highly
nonuniform within each sample frame. Anisoplanatism sets
severe limitations to experimental setups aimed at mitigating
turbulence effects in imaging, such as in the phase correction
imaging of adaptive optics [23], limiting it to very narrow field
of view corrections.

A high-speed black and white video was registered under
medium turbulence conditions, and processed for 200 frames,
with the initial frame taken as the average. The results are shown
in Fig. 1 for the average frame on the left and the synthetic frame
on the right. The distinguishing lines of the resolution charts,

once integrated, remain persistent on the synthetic frame, but
are blurred in the average frame.

Common occurrences within the input frames were the
random local shifts, dilations and rotations of areas in focus,
caused by the motion of turbulent air and thermal effects.
This causes visible bends and displacements of straight lines
in the synthetic image, that over a long period of time, tend
to straighten out to some extent as they get overwritten by
information from subsequent frames. Such intra-frame distor-
tions are not easily corrected, requiring highly computationally
intensive procedures [24].

B. Multispectral Imaging

The atoms and molecules that constitute a scene emit radi-
ations in a wide spectral range, from microwave and infrared
frequencies to beyond the ultraviolet. A scene can, therefore,
be imaged within different spectral bands using sophisticated
instruments sensitive specifically within that range. Each band
may reveal entirely different features of a scene, and the precise
fusion of the multispectral images into one synthetic frame
to display contiguous information is an area of continuing
research and development. Hyperspectral and multispectral
imaging have several important applications such as in satellite
imagery, geophysical mapping, and military reconnaissance.

To demonstrate the applicability of the multiframe selective
fusion technique to multispectral imaging, for lack of samples
from real sensors, a computer generated color image was split
into its three RGB components. Depending on their color, fea-
tures prominent in one spectral band may be barely visible in
the others, the purpose of multispectral fusion being a display
of all prominent features in a single frame. In a more practical
situation, fusion of images from sensors tuned to infrared and
visible spectral bands would be useful for navigation under di-
verse visibility conditions.

The initial synthetic frame is taken to be the average of the
three RGB frames. Fig. 2 shows the selective gain function
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Fig. 2. Anisotropic gain function J�(J) shown on the right is computed between the input frame R (red) and the initial average synthetic frame in the center.

Fig. 3. Multispectral fusion of RGB frames. Subframes highlight regions of selective fusion into the synthetic frame shown on the right.

on the far right computed between the R frame, shown
far left, and the initial synthetic frame, shown in the center.
Clearly, fusion will be most rapid where the gain is high, in this
case corresponding to sharply focused regions of red hue, for
instance, the butterfly.

The synthetic frame processed from the three RGB compo-
nent frames is shown in Fig. 3. For comparison, the RGB com-
ponents of sub frames are also shown. The synthetic frame inte-
grates the most contrasting features from the three RGB frames.

C. “Looking Through the Woods”

The selective information fusion technique also enables the
synthesis of a transparent view of a distant scene from par-
tially obstructed scenes captured with a slowly moving camera.
For the technique to be successful, it is imperative that the vi-
sual obstructions be highly blurred compared to the scene to be
extracted.

As an example, a set of images of a car, viewed through a
partially open venetian blind, was taken with a slowly moving
camera, of which two consecutive frames are shown in the far

left in Fig. 4. The interframe shifts are determined by the cor-
relation method using edge maps. For information fusion from
multiple frames to be effective, each frame must be aligned pre-
cisely relative to the output frame to prevent edge multiplicity
and edge distortions in the synthetic frame.

For comparison, the correlation function computed in three
different ways are also shown in Fig. 4, where the frames la-
beled correspond to the correlation function for the im-
ages and to the intensity profile through the correlation peak, re-
spectively; correspond to gradient edge maps; and
correspond to Laplacian edge maps. Evidently, the Laplacian
edge maps produce a very sharp correlation peak, and, hence,
allow greater precision for determination of its coordinates. In
the example shown, the location of the correlation peak is only
slightly off-center, its coordinates giving the shift between the
images. Incidentally, the periodicity apparent in the correlation
functions arises from the periodicity of the partially open blind.

The initial synthetic frame was taken to be a zero intensity
frame. Fig. 5 shows the average frame on the left that includes
frame shift corrections, and the final synthetic frame at center,
with their zoom sections shown on the right. The synthetic frame
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Fig. 4. Correlation function for the two images on the left are computed in three different ways. The second column shows a grayscale intensity of the correlation
between the images, with its maximum intensity profile shown below it; the third column is for gradient edge maps, and the fourth is for for Laplacian edge maps.

Fig. 5. “Looking through the woods.” Left: Average frame. Center: Synthetic frame. Their zoom sections are compared in the right top and bottom frames,
respectively.

is clearly sharper and brighter than the average frame which is
blurred and dark from obstructive dark regions.

D. High-Resolution Microscopy of 3-D Objects

Objects viewed under high magnification are brought into
sharp focus in a very narrow depth of field, while adjacent layers
appear highly blurred. The higher the magnification, the more
narrow the depth of focus. Lowering magnification brings sev-
eral layers into simultaneous focus, but with considerable loss of
resolution. Synthetic imaging offers the advantage of high-reso-
lution single-frame display of focused features at various depths
and will prove to be a useful tool in the biological and medical
fields, as well as in detective work requiring detailed examina-
tion of evidences with 3-D textures.

A video of an object, viewed under a microscope while con-
tinuously varying the depth of focus, was registered using a

CCD camera interfaced with a PC. The sample under consid-
eration was an aluminum slab with a machined pattern of some
depth texture. Since small interframe shifts were observed while
changing focus, the frames were first processed for global align-
ment. Fig. 6 shows a typical sample frame on the left, the av-
erage frame in the center, and the synthetic frame on the right
processed from a video of 250 frames that consisted of several
frames with little or no useful information. The synthetic frame
clearly integrates and displays contiguously all details captured
at various depths, whereas the average frame is of considerably
poor quality.

V. COMPUTATIONAL COMPLEXITY

Some indicators of the computational complexity are pro-
vided in this section.
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Fig. 6. High-resolution depth microscopy. Left: Sample frame. Center: Average of 250 frames. Right: Synthetic frame.

The program was run on a Pentium 4, 2-GHz machine. For
all applications, with frame dimension 256 256, a typical pro-
cessing time was 5 s/frame. This time included both frame
alignment and fusion, typically for five iterations per frame. The
total number of frames varied with the application, from three
frames for multispectral fusion to 250 frames for microscopy.
While the choice of and was satisfactory for the
applications considered, which was influenced by the results of
[12], other low values for and also gave reasonably good re-
sults but required adjusting Gaussian smoothing to enable suf-
ficient span for the high-intensity windows around regions of
focus. The Gaussian variance was typically of value between 5
and 10. Convolution and correlation integrals were computed
using fast Fourier transform (FFT) routines. In most applica-
tions, the initial synthetic frame was taken as the average
of the set; it can also be set to a zero intensity frame, or the
first input frame. The choice of is arbitrary; in fact, it was
allowed to vary with the iteration, inversely proportional to the
maximum value of the evolving effective anisotropic gain func-
tion. The input and synthetic frames, as well as the anisotropic
gain function, were continuously monitored.

VI. CONCLUDING REMARKS

A comparative study of this technique with other competing
techniques for data fusion, such as PCA [2] and wavelet based
methods [8], is of considerable importance, but is outside the
scope of this work. Also, for general applications, a quality
metric cannot be assigned, as the combined processing of frame
alignment and fusion introduce contradictory quantitative mea-
sures, thereby precluding the definition of a meaningful quality
metric [12].

Summarizing, a dynamic Multiframe selective information
fusion technique aligns, filters, and integrates auto-selected fo-
cused regions from a sequence of input frames, to produce a
synthetic frame integrating the highest quality information from
the data stream. Alignment of interframe shifts is determined by
the correlation method using edge maps, while filtering and fu-
sion is accomplished by a nonlinear PDE with anisotropic gain
derived from robust error estimation theory for a class of error
functionals with parameter , where is a positive real number.
The technique is applied and shown effective for several cases of

practical interest. These include enhanced focus and stationary
viewing of a distant scene through atmospheric turbulence, mul-
tispectral imaging integrating the sharpest details of the RGB
components of a color image, removal of blurred visual obstruc-
tions in front of a distant focused scene, and high-resolution mi-
croscopy for integrated display of focused features at varying
depths. The initial synthetic frame, usually taken to be the av-
erage frame, is seen progressively to sharpen in quality until all
focused or highest quality information regions from multiple
frames are integrated. Several additional applications may be
considered, such as motion detection and data encoding, among
others.

APPENDIX A

The evolution equation is given by

(A1)

Using the error norm defined by

where , each term of (A1) is evaluated
as follows. Substitution of into the first term obtains

Now

where

Also, since

one has
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The second term of (A1) is, therefore, (since )

Combining all terms obtains

(A2)
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