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Abstract – In this paper, we propose the application of
the Multiscale Kalman Filter (MKF) to the fusion of
images of the same scene, acquired by different radars
operating with different resolutions. The images have
been spatially registered and they have been processed
by a MKF processor, to compute an output image with
improved information carried by each input image. The
full fledged Multiscale Kalman Filter is described, and a
basic model is tested to fuse AIRSAR and SIR-C images.
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1 Introduction

Data fusion [1-5] can be defined as the synergistic use of
knowledge from different sources to assist in the overall
understanding of a phenomenon. In the case of remotely
sensed data [6-8], since images acquired by multiple
sources or by the same source in multiple acquisition
contexts are available, and since very often the data
provided by these different sources are complementary
each other, the merging can bring to a more consistent
interpretation of the scene. The dataset, kindly provided
by JPL (Jet Propulsion Laboratory, CA, USA), that we
processed, consists of images acquired by an airborne
Synthetic Aperture Radar (SAR) [9] and by the SIR-C
(Spaceborne Imaging Radar-C) [10]; the dataset covers
the various parts of the San Francisco bay area. These
images have been registered [6] by identifying
corresponding image points, and by generating geometric
relationships between the images: the input data have
been referred to a common regular grid, and each pixel of
each registered image corresponds to homologous pixels
of the remaining images. To construct this grid, an image
from the dataset has been chosen as reference, and the
other ones have been registered to it. The registered data
are now the input to the fusion algorithm: the Multiscale
Kalman Filter [1,11-14] merges data at different
resolution scales. The key of this multiple scale filtering
is to consider the scale as an independent variable as the
time, such that the description at a particular scale
captures the features of the process up to that scales that
are relevant for the prediction of finer scale features.
Since our dataset consists of images at different

resolutions, the Multiscale Kalman Filtering can be
applied to add knowledge from finer resolution data to
coarser resolution data and this information propagation
is carried out also from the coarsest scale to the finest
scale. Section 2 describes the theory behind the
multiresolution signal representation and the model of the
multiple scale Kalman filtering [1]. Section 3 presents the
dataset that we have used to test the MKF algorithm; the
registration step is also described in this section. Section
4 describes the basic MKF model applied to fuse the data,
and presents the related results.

Figure 1: Multiscale signal representation by dyadic tree,
where each level of the tree corresponds to a single scale.

2 Multiscale Signal Representation

The Multiscale Kalman Filter belongs to the realm of
multiresolution stochastic processes [1,11,13], where
one-dimensional time series or multidimensional images
have a time-like variable, commonly referred to as scale.
These kinds of processes have been modeled through
windowed Fourier transform, sub-band coding, Laplacian
pyramids, and wavelet theory. The performance
evaluation of these techniques can be carried out by
developing a stochastic process theory at multiple
resolution scales. Whereas the usual signal representation
is well localized in time – or in the case of images, in
space – the Fourier representation of the signal is well
localized in frequency. For signals with time varying
spectra, i.e., signals where the frequency content is not



constant over the time, a representation of the signal
localized both in time and in frequency would be very
useful for many purposes. The wavelet theory represents
a compromise between good time resolution and good
frequency resolution; it is commonly used to introduce
the multiple scale signal representation [11]. The basic
block in a discrete wavelet transform is a filter bank,
consisting of two filters. A discrete signal ( )nx  is filtered

by a high pass filter ( )g~  and a low pass filter ( )h
~

, and the

outputs are sub-sampled taking one sample out of two
adjacent samples. The results are a high pass (HP) and a
low pass (LP) signals, each containing half as much
samples as the input signal. The LP signal is a
representation of ( )nx  at a lower resolution level; on the

contrary, HP contains the detail information that is lost by
making the transition to that at lower resolution. If we
apply the same filter bank to the HP and LP signals, we
call this scheme wavelet packet transform: if the typical
scale-to-scale decimation by a factor of two is used, we
are led directly to a dyadic tree data structure (Figure 1).
The wavelet transform can be considered as a first way to
introduce the multiscale representation of signals. In the
sensor fusion cases, entire sets of signals or images from
a suite of sensors can be considered collectively; the main
need is not to decompose the signals at different
resolutions, but to form a knowledge stream, upward
from the finest scale to the coarsest scale, downward
from the coarsest resolution to the finest resolution. Here
the remotely sensed data are measurements that have to
be used to collect complementary information from
different sensors.

2.1 Multiscale Kalman Filtering

The multiscale models [1,11-14] provide accurate
descriptions of a variety of stochastic processes and also
lead to extremely efficient algorithms for optimal
estimation and for the fusion of multiresolution
measurements using multiscale and scale-recursive
generalizations of classical Kalman filtering and
smoothing. An image (2D signal) can be decomposed
from the coarse to the fine resolution. At the coarsest
resolution, the signal will consist of a single value. At the
next resolution, there are 4=q  values, and, in general, at

the mth resolution, we obtain mq  values. The values of

the multiscale representation can be described on the
index set ( )jim ,, , where m represents the resolution and

( )ji ,  the location index. The scale-to-scale

decomposition can be schematically depicted as a tree
structure (Figure 1). To describe the model, an abstract
index λ  is used to specify the nodes on the tree; γλ
specifies the parent node of λ .  The aim of the Kalman
filtering [8,15] is to estimate a state vector ( )tx  of a

dynamic process, when measurements ( )ty  about the

process evolution are available. In the case of the
Multiscale Kalman filtering the independent variable is
not the time t, but the scale λ , and the aim is to estimate

a state vector ( )λx , on the basis of observations ( )λy  of

the process at different resolutions. In our problem, the
measurements consist of images of the same scene
acquired by different radars; we have a vector of images
referred to as ( ) MNY ,ℜ∈λ  where N and M are the

numbers of the rows and of the columns of each image.
The aim is to estimate a vector of images, that represents
the state of the process, referred to as ( ) ',' MNX ℜ∈λ .

The multiscale Kalman filtering technique is used to
obtain optimal estimates of the state ( )λX  described by

the multiple scale model using observations ( )λY  at a

hierarchy of scales. This scheme proceeds in two steps:
downward and upward.

2.1.1 Downward Step

The multiple scale downward (coarse-to-fine resolution)
model is given by [1,12]:

( ) ( ) ( ) ( ) ( )λλγλλλ WBXAX ⋅+⋅= (1)

( ) ( ) ( ) ( )λλλλ VXCY +⋅= (2)

Since ( )γλX  represents the state at a resolution coarser

than ( )λX , ( ) ( )γλλ XA ⋅  can be considered as a

prediction term for the finer level; ( ) ( )λλ WB ⋅  is the new

knowledge that we add from one scale to the next. The
noisy measurements ( )λY  of the state ( )λX , the

measurement Equation (2), combined with the Equation
(1), form the state estimation problem. The covariance
matrices of the state and of the measurements are
computed by the following equations:

( ) ( ) ( )][ λλλ T

X
XXEP ⋅≡ (3)

( ) ( ) ( )
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where nii ,...,2,1,2 =σ  are the variances of the n available

measurements. It can be proved that the state covariance
can be computed by:

( ) ( ) ( ) ( ) ( ) ( )λλλγλλλ TT

XX
BBAPAP ⋅+⋅⋅= . (5)

Equation (4) indicates that the measurements are
independent and have different variances.

 2.1.2 Upward Step

Corresponding to the above downward model, the
upward (fine-to-coarse resolution) model is [1,12]:



( ) ( ) ( ) ( )λλλγλ WXFX +⋅= (6)

where

( ) ( ) ( ) ( )λλγλλ 1−⋅⋅=
X

T

X
PAPF (7)

and ( )λW  is an uncorrelated sequence with variance:

( ) ( ) ( ) =⋅≡ ][ λλλ
T

WWEQ

( ) ( ) ( ) ( ) ( )][ 1 γλλλλγλ
XX

T

X
PAPAIP ⋅⋅⋅−⋅= − .

(8)

We assume that each node has q children. We denote by
λα i , the ith child node of λ  for qi ,...,1= . Also define:

( )λαλ iX |ˆ predicted value of ( )λX  using the

estimate of child node iα  (i= 1,…,q) of

λ ;

( )−λλ |X̂ predicted value of ( )λX  after merging the

predictions of the q child nodes of λ ;

( )+λλ |X̂ updated value of ( )λX  using ( )−λλ |X̂

and the measurement ( )λY ;

( )λX̂ estimated value of ( )λX  after smoothing

during the downward step.

The error co-variance matrices ( )λαλ iP |ˆ , ( )−λλ |P̂ ,

( )+λλ |P̂  and ( )λP̂ are defined similarly.

2.1.3 The M.K.F. Algorithm

The estimation by the Multiscale Kalman Filtering
proceeds along the following steps [12]:

Initialization: assign the following prior values at λ
corresponding to the finest scale node

( ) 0|ˆ =−λλX (9)

( ) ( )λλλ
X

PP =−|ˆ (10)

where ( )λ
X

P  is the prior error variance, i.e., solution of

(5), at the node λ .

Upward step: To estimate the state and the error co-
variance matrices, we can combine the available

measurements and the predicted values ( )−λλ |X̂ , by

the following equations:

( ) ( ) ( )⋅+−=+ λλλλλ KXX |ˆ|ˆ

( ) ( ) ( )]|ˆ[ −⋅−⋅ λλλλ XCY
(11)

( ) ( ) ( ) ( )−⋅⋅−=+ λλλλλλ |ˆ][|ˆ PCKIP (12)

where the Kalman gain matrix ( )λK  is given by

( ) ( ) ( )⋅⋅−= λλλλ TCPK |ˆ

( ) ( ) ( ) ( ) 1]|ˆ[ −+⋅−⋅⋅ λλλλλ RCPC T .
(13)

Moving up to the parent node, we apply the Kalman filter
prediction to get predictions from each child node by
using

( ) ( ) ( )+⋅= λαλαλαλαλ iiii XFX |ˆ|ˆ (14)

where ( )+λαλα iiX |ˆ  has been computed at the previous

step. ( )λα iF  is provided by the fine-to-coarse equation

(7). We are supposing to know ( )λ
X

P  at each resolution

by the equation (5).

( ) ( ) ( ) ( )λαλαλαλαλαλ i
T

iiii FPFP ⋅+⋅= |ˆ|ˆ

( )λα iQ̂+
(15)

where ( )+λαλα iiP |ˆ  is related to the previous step.

( ) ( ) ( ) ( )⋅⋅⋅= − λαλαλαλα iiii QBAQ 1ˆ

( ) ( )λαλα i
T

i
T AB −⋅⋅

(16)

For each node we obtain q predictions from each of the q
child nodes. They are merged to obtain a single
prediction using:

( ) ( )⋅−=− λλλλ |ˆ|ˆ PX

( ) ( )∑
=

−
⋅⋅

q

i
ii XP

1

1
|ˆ|ˆ λαλλαλ

(17)

( ) ( ) ( ) 1

1

11 ]|ˆ)1[(|ˆ −

=

−− ∑+⋅−=−
q

i
iX

PPqP λαλλλλ (18)

The upward step terminates when the recursion reaches
the root node and we obtain the estimate

( ) ( )+= 0|0ˆ0ˆ XX .

Downward step: the information is propagated downward
after the upward step is completed. The estimators are:

( ) ( ) ( ) ( ) ( )]|ˆˆ[|ˆˆ +−⋅++= λγλγλλλλλ XXJXX (19)

( ) ( ) ( )⋅++= λλλλ JPP |ˆˆ

( ) ( ) ( )λλγλγλ TJPP ⋅+−⋅ ]|ˆˆ[
(20)

where



( ) ( ) ( ) ( )+⋅⋅+=
−

λγλλλλλ |ˆ|ˆ 1
PFPJ T (21)

The estimate at a particular node in the downward step
(Equation 19) is equal to the sum of its estimate in the
upward step and the difference in the estimates of the
parent node in the downward and upward step weighted
by a suitable coefficient.

3 Dataset Description

We have applied the multiscale Kalman filtering to a
dataset that consists of images acquired by two kinds of
radar: a Synthetic Aperture airborne Radar and a
Spaceborne Imaging Radar-C. This section describes the
data and the context where they have been acquired.

Figure 2: AIRSAR image of the Golden Gate CM5599.

Figure 3: AIRSAR image of the Golden Gate CM5598.

3.1 AIRSAR Images

The SAR dataset consists of two images (Figures 2,3)
acquired by an airborne Synthetic Aperture Radar (SAR)
during a JPL-AIRSAR mission (CM5599 and CM5598)
[9], covering various parts of the San Francisco Bay area;
these polarimetric (POLSAR) data products are provided

in the slant range projection. The POLSAR operating
mode of the AIRSAR instrument collects twelve channels
of data, four in each of the three frequencies of AIRSAR:
P-, L-, and C-band. The four data channels are HH
(horizontal polarized transmit wave, horizontally
polarized receive wave), HV, VH and VV. The AIRSAR
data are used for a wide range of applications, including
archeology studies, biomass and soil moisture estimation,
vegetation and land-use classification, slope estimation
for landslide risk assessment, wetland classification,
natural hazard monitoring and studies, geologic mapping,
and glacier studies. These images (Figures 2,3) have been
acquired on April 1995, and they refer to the Golden Gate
site at latitude 37.6133° and at longitude –121.7333°.
Two different bandwidths are adapted: 40.00 MHz for
CM5599 and 20.00 MHz, for CM5598. The spatial
resolutions of the AIRSAR images are: 6.662 m along
range and 18.518 m along azimuth for the CM5599
image, and 13.324 m along range and 18.518 m along
azimuth for the CM5598 image.

Figure 4: SIR-C image of the Golden Gate.

3.2 SIR-C Image

The SIR-C/X-SAR (Spaceborne Imaging Radar-C/X-
band Synthetic Aperture Radar) [10] is a joint project of
the National Aeronautics and Space Administration
(NASA), the German Space Agency (DARA) and the
Italian Space Agency (ASI). Data are collected in L-band
and C-band by SIR-C, and X-band by X-SAR. The SIR-C
instrument was built by the Jet Propulsion Laboratory
(JPL) of NASA and the Ball Communication System
Division. Four polarizations (HH,HV,VH,VV) are
available. The L- and C-bands use distributed phased-
array antennas with electronic beam steering. SIR-C data
can be used as measurements of vegetation type, extent
and deforestation, soil moisture content, ocean dynamics,
wave and surface wind speeds and directions, volcanism
and tectonic activity, soil erosion and desertification. The
SIR-C dataset consists of an image of San Francisco
acquired by the Spaceborne Imaging Radar-C (SIR-C)
[10]. It can be seen that the SIR-C image has a lower
resolution than the AIRSAR images; the image, that has
been acquired on October 1994, is depicted in Figure 4.



The spatial resolutions of the SIR-C image are 25 m along
range and 25 m along azimuth.

3.3 Data Registration

Before to fuse the data, the main need is to refer the data
to a common regular grid [6]; in this way, each pixel of
each image will correspond to the homologous pixels of
the remaining images. For this reason, it is important to
carry out an automatic technique able to match two or
more images to this common grid. Since we have three
images from our dataset, we have chosen the CM5599
image as reference image, and we have matched the other
images (CM5598 and SIR-C) to the CM5599 image. This
matching algorithm, implemented in Matlab® code,
processes pairs of images to register the CM5598 image
to the CM5599, and, after that, the SIR-C to the
CM5599 ; it is based on the following steps :
1. the User identifies homologue, identical or

corresponding image points in the two images;
2. a linear matching of the second image to the first

image, based on three corresponding points, is
applied;

3. this procedure is iterated, to use more than three
corresponding points, thus achieving improved
registration.

The results of the data registration are depicted in Figures
5,6. Comparing the size of the SIR-C image depicted in
Figure 4 to the size of the registered SIR-C image in
Figure 6, it can be seen that it has been oversampled to
obtain the same size of the reference CM5599 image.

Figure 5: CM5598 is registered to CM5599.

Now, the dataset, that we would fuse, consists of the
registered data (Figures 2,5,6). We have included another
image in this dataset, simulated by averaging a window of
4x4 neighboroud pixels in the CM5599 image. In this
way, we have obtained another image with a resolution
higher than the SIR-C image, but lower than the full
resolution CM5599 image, and than the registered
CM5598 image.

4 Image Fusion M.K.F. Model

The model explained in Section 2.1, is applied to fuse the
image dataset as depicted in Figure 8. The model has to
be specified for our case, and particularly we have to
specify the values of the model parameters ( )λA , ( )λB

and ( )λC . ( ) MNY ,ℜ∈λ , and we have 4 different

measurements; the aim is to estimate the state
( ) MNX ,ℜ∈λ  on the base of the measurements, at 4

different resolution levels. We have chosen the following
model:

( ) ( ) ( )λγλλ WXX += (22)

( ) ( ) ( )λλλ VXY += (23)

This model has been chosen as in the case of the classical
Kalman filter applied to estimate a scalar random
constant, when measurements of the constant are
available: ( ) ( ) ( )

MN
ICBA

,
≡== λλλ [12,16]. In a future

paper we will identify the model parameters in the (22)
and (23) equations on the base of the input data.

Figure 6: SIR-C is registered to CM5599.

Figure 7: Simulated low-resolution CM5599 image.



The matrices have the following sizes: NNX
RQP ,,, ℜ∈ ,

and NNJKP ,,,ˆ ℜ∈ ; the matrix

( ) ( )( )
NNX

ImYP
,

2 10 ⋅== σ . Since we have just 4

measurements, the dyadic three consists of 4 different
levels, and at the finest resolution we have the CM5599
image, the CM5598 image is the measurement at the level
m=3, the low resolution CM5599 is that at m=2, and the
SIR-C is that at m=1. The algorithm presented in Section
2 has been implemented in Matlab® code for the general
case, and the model in the Equations (22) and (23) has
been specified for the considered problem. The
computation has been carried out on a Sun® SparcStation
20; the images fused at four different levels have been
computed in 70’.

Figure 8: The dataset consists of four different images:
SIR-C, low resolution CM5599, CM5598,

full resolution CM5599.

Figure 9: Merged Image at m=1 resolution level.

By comparing, the registered SIR-C image (Figure 6)
with the fused image at resolution m=1 (Figure 9), it can
be noted that the knowledge from the finer scales has
been propagated and transferred to the coarsest resolution
image. In fact, by observing the estimated state at
resolution m=1, one can see that more details have been
added, and these details have been provided by the
CM5598 and CM5599 measurements. The same

observation applies for the estimated state at resolutions
m=2,3,4; as reference image, we use the full resolution
image, that is the fused image at m=4 resolution level. In
this image we can distinguish three different areas: urban
(left), mountain (right-center) and sea areas. A
comparison between the input data and the fused data can
be carried out by computing the standard deviations of
different samples related to these areas; three samples for
each areas have been considered:
− urban area: sample #1 (101:164,1:64);

sample #2 (401:464,1:64);
sample #3 (351:414,1:64);

− mountain area: sample #1 (401:464,401:464);
sample #2 (401:464,351:414);
sample #3 (465:528,465:528);

− sea area: sample #1 (1:64,401:464);
sample #2 (301:364,401:464);
sample #3 (501:564,151:214).

Figure 10: Merged Image at m=2 resolution level.

The values of the standard deviation for the full resolution
CM5599 image, and for the fused image at resolution
m=4, have been indicated in Tables 1,2.

CM5599 Sample #1 Sample #2 Sample #3

Urban Area 46.96 41.19 41.90

Mountain Area 43.89 44.08 32.71

Sea Area 16.83 63.94 22.73

Table 1: Standard Deviations for samples from CM5599.

Merged m=4 Sample #1 Sample #2 Sample #3

Urban Area 31.54 31.69 30.59

Mountain Area 33.78 33.71 26.00

Sea Area 14.25 44.22 17.67

Table 2: Standard Deviations for samples from merged
image at resolution m=4.

We can note that each sample in the fused image has a
standard deviation lower than the corresponding sample
of the input image. Therefore, in the fused image at full
resolution, neighboroud pixels corresponding to the same



area, have an intesity level more similar and this fact
means that the fusion process has been able to reduce the
negative effects of the speckle noise.

Figure 11: Merged Image at m=3 resolution level.

Figure 12: Merged Image at m=4 resolution level.

5 Lineament Detection Test

In order to demonstrate that the fused images have an
information contents higher than the single
measurements, we applied a lineament detection test, to
the input CM5599 full resolution image and to the fused
image at the resolution m=4. This test is carried out by
using the Hough Transform (HT), in order to detect
straight line in the considered images. In [17] we
exploited the possibility to decompose the input image by
using the wavelet transform, to enhance different
geometrical details in a dyadic tree. The drawback has
been the resolution decrease due to the downsampling
effect of the wavelet transform. By using the multiscale
Kalman filtering, this drawback is removed, since we
apply the lineament detection algorithm to the full
resolution image, that contains the knowledge provided
by images at lower resolutions. The lineament detection
system consists of the HT [17], that is a 2D non-coherent
operator which maps an image to a parameter domain.

When the aim of the analysis is to detect straight lines in
an image, the parameter of interest completely defines the
straight lines. The equation

θθρ sencos ⋅+⋅= yx (24)

maps the point ( )yx,  into the parameters ( )θρ, , which

represent a straight line passing through ( )yx, . Each

pixel in the original image is transformed in a sinusoid in
the ( )θρ,  domain. The presence of a line is detected by

the location in the ( )θρ,  plane where more sinusoids

intersect. Since the image is unavoidably affected by the
speckle noise, we need a system able to distinguish
between spurious peaks related to noise or background
effects, and peaks related to straight lines really present in
the input image. A CFAR (Constant False Alarm Rate)
Detection Algorithm has been applied in the Hough
plane, to detect the correct peaks. The HT and the CFAR
Detection Algorithm have been implemented in Matlab®
code. Figure 13 depicts the HT computed on the portion
(401:528,201:328) of the full resolution CM5599 (Figure
2); Figure 14 depicts the HT computed on the same
portion of the merged image at m=4 resolution level. This
portion contains the Golden Gate bridge. The aim is to
detect the bridge, which can be considered as a straight
line. It can be noted that the bridge is detected in both
images (as indicated in Figures 13 and 14): by comparing
the probability of false alarm (Pfa) in the case of the HT
computed on the fused image, to the Pfa of the HT of the
CM5599 image, the bridge in the first case (merged data)
has been detected with a lower Pfa than in the second
case (CM5599 input image); the Pfa in the case of the
fused image is 10% lower than the Pfa in the case of the
CM5599 image. Therefore, the knowledge added from
the coarser resolution images to the finest resolution
image, can be measured with the fact that the lineaments
in the fused image are more evident and detectable by
using a lower probability of false alarm.

6 Conclusions

An image fusion algorithm, based on the Multiscale
Kalman filter, has been applied to combine remotely
sensed data, acquired by radars having different
resolutions. The considered images have been acquired
during the AIRSAR Mission and SIR-C/X-SAR Mission.
The data have been co-registered to refer each pixel of
each image to a common regular grid. The image fusion
algorithm has been tested, and the merged images have
been presented at different resolutions. A lineament
detection algorithm based on the Hough transform, has
been applied to the full resolution input data and to the
full resolution merged data. The Golden Gate bridge has
been detected in both images, but the computed
probability of false alarm is lower in the case of the finest
scale merged image than in the finest scale input image.
This fact demonstrates that the knowledge provided by
the coarser resolution data has been transferred to the



merged image, improving the performance of the
lineament detection algorithm.

Figure 13: Hough Transform computed on the full
resolution CM5599 image.

Figure 14: Hough Transform computed on the merged
image at m=4 resolution level.
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