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Abstract – This paper presents a novel multi-sensor image fu-
sion algorithm, which extends pan-sharpening of multispectral
(MS) data through intensity modulation to the integration of MS
and SAR imagery. The method relies on SAR texture, extracted
by ratioing the despeckled SAR image to its lowpass approxima-
tion. SAR texture is used to modulate the generalized intensity
(GI) of the MS image, which is given by a linear transform ex-
tending Intensity-Hue-Saturation (IHS) transform to an arbitrary
number of bands. Before modulation, the GI is enhanced by in-
jection of highpass details extracted from the available Pan image
by means of the “̀a-trous” wavelet decomposition. The texture-
modulated pan-sharpened GI replaces the GI calculated from the
resampled original MS data; then the inverse transform is applied
to obtain the fusion product. Experimental results are presented
on Landsat-7/ETM+ and ERS-2 images of an urban area. The
results demonstrate accurate spectral preservation on vegetated
regions, bare soil, and also on textured areas (buildings and road
network) where SAR texture information enhances the fusion prod-
uct, which can be usefully applied for both visual analysis and
classification purposes.

Keywords: Intensity-Hue-Saturation (IHS) transform, Landsat-
7/Enhanced Thematic Mapper Plus (ETM+), multi-sensor data fu-
sion, multispectral imagery, remote sensing, Synthetic Aperture
Radar (SAR) imagery, texture.

1 Introduction
Multisource image fusion is one of the most complex tasks
to perform integration of remote sensing image data prod-
ucts. One of the most relevant applications is fusion
of visible-infrared (VIR) imagery with synthetic aperture
radar (SAR) image data. The information contained in VIR
images depends on the multispectral (MS) reflectance of the
target illuminated by sunlight, whereas SAR image reflec-
tivity mainly depends on characteristics of the surface target
such as roughness and moisture, as well as on the frequency
and incidence angle of the illuminating electromagnetic ra-
diation. Although the solution may not be immediate, given
the physical heterogeneity of the data, fusion of VIR and
SAR image data may contribute to a better understanding
of the objects observed within the imaged scene [1].

Classical approaches to multi-sensor image fusion,
widely used during the past two decades, are based on mod-
ulation techniques, Principal Component Analysis (PCA),
and Brovey transform [2]. Intensity modulation is gener-
ally applied to spatial enhancement of MS data: each spec-

tral component (three channels at a time are considered as
RGB components) is multiplied by the ratio of a high reso-
lution co-registered image to the intensity componentI of
the MS data, whereI = (R + G + B)/3.

An improved fusion method based on intensity modula-
tion has been proposed by Liu [3], and tested on Landsat
TM and SPOT panchromatic (Pan) data. The ratio between
the higher resolution Pan and its lowpass filtered version is
used to modulate the co-registered lower resolution MS im-
age, thereby introducing spatial details, without altering its
spectral properties.

When images are physically heterogeneous, different ap-
proaches are based on either decision-level fusion or mul-
tisource classifiers [4, 5]: very often the user aims at en-
hancing application relevant features in the fused product.
Hence, application specific methods more than techniques
of general use, as in the former case, have been developed
[6]. The challenging task of fusion of hyperspectral and
SAR imagery was recently investigated with promising re-
sult [7].

In this paper, a novel multi-sensor image fusion algo-
rithm is presented, which extends existing solutions for
pan-sharpening of MS data [3, 8], to the integration of SAR
and MS+P imagery. SAR texture modulates the generalized
intensity, which is obtained by applying an invertible linear
transformation to the original MS data. The modulated in-
tensity substitutes the original intensity of the MS data and
the inverse linear transform is applied to obtain fused MS
images.

Experimental results are presented and discussed on
Landsat-7/ETM+ and ERS-2 images of an urban and subur-
ban area. Quantitative measurements demonstrate very ac-
curate spectral preservation on vegetated regions, bare soil,
and also on textured areas (buildings and road network),
where information coming from SAR enhances the fusion
product, both for display and classification purposes.

The following of this paper is organized in four sections.
Sect. 2 reviews the rationale of intensity modulation and
points out its application to enhancement of MS bands by
means of SAR texture. Sect. 3 outlines the overall fusion
procedure and describes its subparts. Sect. 4 reports about
experiments on Landsat-7/ETM+ and ERS-2 images taken
over the city of Pavia, in Italy, and discusses results varying
with work parameters. Conclusions are drawn in Sect. 5.



2 The Concept of Intensity Modulation
A desirable feature of fusion methods concerning MS im-
ages is that preservation of spectral information, regarded
as changes across spectral bands, or equivalently as color
hues in the composite representation of three bands at time,
is guaranteed after spatial enhancement. Therefore, a va-
riety of methods were developed based on the following
steps: (a) transformation of the spectral bands, resampled
at the scale of the Pan image, into Intensity-Hue-Saturation
(IHS) coordinates, (b) replacement of the smooth I com-
ponent with the sharp Pan image, (c) inverse transforma-
tion back to the spectral domain. IHS fusion methods [9],
however, may introduce severe radiometric distortions (e.g.,
bias in local mean) in the sharpened MS bands, due to
the lowpass component of the Pan image that affects the
fused product [10]. To overcome such inconveniences, IHS
fusion was extended to multiresolution (only details of I
are replaced with those of Pan) [11]. IHS-based methods
are straightforwardly utilized in the case of exactly three
spectral bands. When a larger number of components is
concerned (e.g., IKONOS and QuickBird have four spec-
tral bands, comprising blue, green, red and near infrared
(NIR)), IHS methods are applied to three band at a time,
whose fusion products are displayed in color, either true or
false.

Although generally labeled among methods featuring a
relative spectral contribution[1], the Brovey transform [2],
which is based on the chromaticity transform [12], prac-
tically introduced the concept ofintensity modulationfor
spatial enhancement of three-band images. The Brovey
transform can be expressed forcalibratedRGB images, i.e.,
expressed as radiance values, by the following relationships
[3]:

Rb =
RP

I

Gb =
GP

I
(1)

Bb =
BP

I

in which R, G, and B are the spectral band images dis-
played as red, green, and blue channels, P is a higher spa-
tial resolution image for intensity modulation, andI =
(R + G + B)/3. All the coarser resolution data are pre-
liminarily resampled to the finer scale of the enhancing P
image, which will be the scale of the final fusion prod-
uct (Rb, Gb, Bb). The Brovey transform may cause color
distortion if the spectral range of the intensity replacement
(or modulation) image is different from the spectral range
covered by the three bands used in the color composition
[2, 13, 3]. This drawback is unavoidable in color compos-
ites that do not use consecutive spectral bands. The spectral
distortion introduced by these fusion techniques is uncon-
trolled and not easily quantifiable, because images are gen-
erally acquired by different sensors on different dates.

More recently, Liu proposed the Smoothing Filter-based
Intensity Modulation (SFIM) technique [3] for sharpening
of MS data by means of another image with higher spatial
resolution. The fusion result is obtained as the product of

the topography and texture of the higher resolution image,
and of the lower resolution spectral reflectance of the orig-
inal lower resolution image. The method aims at preserv-
ing the spectral characteristics of the MS image by keeping
the result independent of the spectral property of the higher
resolution image used for intensity modulation. This is the
major advantage of SFIM over IHS and Brovey transform
fusion techniques [14]. The SFIM processing formula for
the case of the Landsat TM sharpening by means of a co-
registered SPOT Panchromatic (P) image is the following

TMi
SFIM =

TMi · P
P

(2)

whereTMi is the resampledi-th band of the MS image
andP is the P image averaged on ann× n sliding window
(n ≥ 3). Since in the spatially enhanced spectral bands
given by (2), spectral information is modulated by panchro-
matic texture, the author claims that the SFIM technique is
not directly applicable for merging images with different il-
lumination and imaging geometry, such as VIR and SAR.
However, merging of physically different data, like VIR and
thermal imagery, was previously tried by the author himself
[15].

Latry et al. recently introduced an intensity modulation
fusion algorithm for pan-sharpening of MS data from SPOT
5 [8]. After the10m MS image (HX) is calibrated and re-
sampled by a factor four, to obtain an HX image with 2.5m
pixel size, the method consists of taking the IHS transform
of the smooth 2.5m HX bands, keeping hue and saturation
unchanged, and multiplying the intensity by the ratio be-
tween THR (synthesized panchromatic image at 2.5m res-
olution) and lowpass filtered THR, namelysoftTHR. Such
a lowpass approximation of THR should have same spa-
tial frequency content as the HX bands; hence, the intensity
modulation factor differs from unity only when THR brings
more spatial information than HX does. Taking the inverse
IHS transform produces the final product, named THX.

Goal of this paper is to extend the concept of intensity
modulation to the integration of VIR and SAR images. We
propose a new fusion algorithm which integrates SAR tex-
tural features, coming mainly from built-up areas, into co-
registeredN -band MS images, withN arbitrary, without
significantly distorting the spectral and radiometric infor-
mation conveyed by VIR data.

3 Fusion Procedure
Fig. 1 illustrates the proposed multi-sensor image fusion
algorithm. The input data set is composed of an ampli-
tude SAR image, a co-registered MS image withN bands,
namelyB1, B2, . . . , BN , and a Pan image co-registered on
the SAR image as well. The SAR and Pan images have
spatial resolution greater than that of the MS bands. The
SAR image is filtered to mitigate speckle, while preserving
texture, thus obtaining the imageSARds. After despeck-
ling, the ratioM betweenSARds and its lowpass approxi-
mation, obtained by the “à-trous” wavelet algorithm as ap-
proximation at levelL, is computed. The highpass details
of the Pan image (levell = 0 of the “à-trous” wavelet trans-
form of P) are “injected” (i.e., added) to the resampled MS
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Fig. 1: Flowchart of the procedure for fusion of a low-resolutionN -band MS image with a high-resolution Pan image
and a high-resolution SAR image. The MS bands are preliminarily resampled at the finer scale of the fusion product by
means of bicubic interpolation.

bands after equalization by a spatially constant gain term,
calculated by matching the histograms of original intensity
and smooth (lowpass) Pan.

3.1 “À trous” Wavelet Transform

The octave multiresolution analysis introduced by Mallat
[16] for digital images does not preserve the translation in-
variance property. In other words, a translation of the orig-
inal signal does not necessarily imply a translation of the
corresponding wavelet coefficient. This property is essen-
tial in image processing. On the contrary, wavelet coeffi-
cients generated by an image discontinuity could disappear
arbitrarily. Thisnon-stationarityin the representation is a
direct consequence of the down-sampling operation follow-
ing each filtering stage.

In order to preserve the translation invariance property,
the down-sampling operation is suppressed, but filters are
up-sampledby 2l, i.e., dilated by inserting2l−1 zeroes be-
tween any couple of consecutive coefficients. An interest-
ing property of the undecimated domain [17] is that at the
kth decomposition level, the sequences ofapproximation,
Al(n), anddetail, Wl(n), coefficients are straightforwardly
obtained by filtering the original signal through a bank of
equivalent filters, given by the convolution of recursively
up-sampled versions of the lowpass filterh and the high-
pass filterg of the analysis bank:

h∗l =
⊗l−1

m=0(h ↑ 2m),

g∗l =
[⊗l−2

m=0(h ↑ 2m)
]
⊗ (g ↑ 2l−1)

= h∗l−1 ⊗ (g ↑ 2l−1)

(3)

The “à trous” wavelet transform (ATWT) [18] is an
undecimated nonorthogonal multiresolution decomposition
defined by a filter bank{hi} and{gi = δi − hi}, with the
Kronecker operatorδi denoting an allpass filter. In the ab-
sence of decimation, the lowpass filter is up-sampled by2l,

(l = 3) (l = 2)

(l = 1) (l = 0)

Fig. 2: “À trous” wavelet transform of Landsat-5/TM image
(band # 5).

before processing thelth level; hence the name “à trous”
which means “with holes”. In two dimensions, the filter
bank becomes{hihj} and {δiδj − hihj}, which means
that the 2-D detail signal is given by the pixel difference
between two successive approximations, which have all the
same scale20, i.e.,1.

Fig. 2 portrays the ATWT of a sample image, with
L = 3. The lth level of ATWT, l = 1, · · · , L, is ob-
tained by filtering the original image with a separable 2-D
version of thelth equivalent filter (3). For aL-level decom-
position, the “̀a trous” wavelet accommodates a number of
coefficientsL + 1 times greater than the number of pixels.
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Fig. 3: Frequency responses of equivalent lowpass
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Due to the absence of decimation, as well as to the zero-
phase and−6 dB amplitude cutoff of the filter, the synthe-
sis is simply obtained by summing all details levels to the
approximation:

G(i, j) =
L−1∑

l=0

Wl(i, j) + AL(i, j) (4)

in which AL(i, j) andWl(i, j), l = 0, · · · , L − 1 are ob-
tained through 2-D separable linear convolution withh∗L
andg∗l , l = 0, · · · , L − 1 (3), respectively. Equivalently,
they can be calculated by means of a tree-split algorithm,
i.e., by taking pixel differences between convolutions of the
original signal with progressively up-sampled versions of
the lowpass filter.

The number of decomposition levelsL, which directly
defines the equivalent lowpass filterh∗L, given a half-band
prototype filter{hi}, rules the smoothness of the lowpass
approximation. Fig. 3 shows the frequency responses of
the equivalent filters of lowpass approximationAL for L =
2, 3, 4. The frequency responses are obtained starting from
a 7-tap half-band prototype filter [17].

3.2 SAR Texture Extraction

Despeckling is a key point of the fusion technique. An ef-
ficient filter for speckle removal is required to reduce the
effect of the multiplicative noise on homogeneous areas,
while point targets and especially textures must be carefully
preserved. Thus, the ratio of despeckled SAR image to its
lowpass approximation, which constitutes the modulating
texture signal, is practically equal to one on areas charac-
terized by a constant backscatter coefficient (e.g., on agri-
cultural areas), while it significantly drifts from unity on
highly textured regions (urban and built-up areas) [19]. In
such regions intensity modulation is particularly effective:
spatial features that are detectable in the SAR image only
can be properly introduced by the fusion procedure into the
VIR image, without degrading its spectral signatures and
radiometric accuracy, to provide complementary informa-
tion.
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Fig. 4: Histogram of modulating SAR texture: threshold
θ = σt is highlighted.
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Fig. 5: Modulating SAR texture (a) before and (b) after
soft-thresholding.

Due to unbiasedness of despeckling performed in the un-
decimated wavelet domain without resorting to logarithm
[20, 21], the ratio imageM = SARds/(SARds ⊗ h∗L) has
unity mean value, as shown in Fig. 4. Spurious fluctua-
tions in homogeneous areas around the mean valuem = 1,
due to imperfect despeckling, intrinsic signal variability of
rough surfaces, and instability of image ratioing, are clearly
visible in Fig. 5(a).

By denoting withσt the standard deviation of the distri-
bution of the modulating SAR textureM , a soft threshold-
ing with thresholdθ = k ·σt is applied toM : values outside
the interval[1−kσt, 1+kσt] are diminished in modulus by
kσt and retained, while values lying within this interval are
set to the mean valueµt ≈ 1 (see Fig. 4). The resulting tex-
ture mapMθ, shown in Fig. 5(b), contains spatial features
which are easily detected by SAR and can be properly inte-
grated into the MS image data by modulating the intensity
of the MS image.

3.3 Generalized I-H-S Transform

Any linear combination of N spectral bands
B1, B2, . . . , BN , with weights summing to unity, may be
taken in principle as a generalization of intensity [10]. If a
Pan image is available to enhance spatial resolution, taking
into account of theN correlation coefficients between
resampled MS bands and Pan image,ρi,P , yields the
generalized intensity (GI) asI =

∑
i αi · Bi, in which

αi = ρi,P /(
∑

i ρi,P ). A linear transformationT to be
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Fig. 6: Original data set of the city of Pavia (all optical data resampled to the12.5m scale of geocoded ERS): (a) ERS-
2 SAR (3-looks amplitude); (b) Landsat-7/ETM+ Panchromatic; (c) Landsat-7/ETM+ true color (RGB composition of
3-2-1); (d) Landsat-7/ETM+ false color (RGB composition of 5-4-3).

applied to the original MS pixel vectors is given by:

T =




α1 α2 α3 α4 . . . αN

1/2 −1/2 0 0 . . . 0
0 1/2 −1/2 0 . . . 0
0 0 1/2 −1/2 . . . 0

.. .
0 0 . . . 0 1/2 −1/2




(5)
If all the αis are nonzero, (5) is nonsingular and hence in-
vertible. The generalized IHS transform yields the GI,I,
andN − 1 generalized spectral differences,Cn, encapsu-
lating the spectral information. IfT is applied to anN -band
image, withN arbitrary, and theI component only is ma-

nipulated, e.g., sharpened by Pan details and modulated by
SAR texture, the spectral information of the original MS
data set is preserved, once the modulated GIÎ substitutes
the original GII and the inverse transformT−1 is applied
to obtain the fused MS image, as shown in Fig. 1.

4 Experimental Results

The proposed fusion method has been tested on an ERS-2
SAR image of the city of Pavia (Italy), acquired on Octo-
ber 28, 2000, and on a Landsat-7/ETM+ image, with30m
bands (1, 2, 3, 4, 5, and 7), acquired on September 22, 2000,
together with the15m Pan image. All the optical data have
been manually co-registered to the ERS image, which is
geocoded with12.5 × 12.5m2 pixel size. The absence of
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Fig. 7: ETM+ and ERS fusion withL = 3 andk = 1.25: (a) 3-2-1 true color composite; (b) 5-4-3 false color composite.

(a) (b)

(c) (d)

Fig. 8: True color200× 200 details of fusion products. (a):
L = 2 andk = 1; (b): L = 3 andk = 1; (c): L = 2 and
k = 1.5; (d): L = 3 andk = 1.5.

significant terrain relief would make automated registration
possible, by resorting to suitable modeling of acquisition
geometries of optical and SAR platforms [22]. Fig. 6 shows
512 × 512 details at12.5m pixel size. Figs. 6(c) and 6(d)
display true (bands 3-2-1 as R-G-B) and false (bands 5-4-3
as R-G-B) color composites.

Fig. 7 shows512 × 512 fusion results as true and false
color composites, respectively. Urban and built-up areas, as
well as roads and railway are clearly enhanced; an almost
perfect preservation of spectral signatures is visible from
comparisons with Figs. 6(c) and 6(d).

To provide a deeper insight of the two parameters, i.e.,
approximation depthL driving the coarseness of SAR tex-
ture and constantk tuning soft thresholding, which rule
modulation of GI by SAR texture, different fusion results
are reported in Fig. 8 for a200×200 image fragment. Three
values ofL (L = 2, 3, 4) and four thresholds, i.e.,θ = k·σt,
with k = 0, 1, 2, 3, have been considered (k = 0 indicates
absence of thresholding). The most noteworthy fusion re-
sults are illustrated in Fig. 8. For the case study of Fig. 7,
the choiceL = 3 andk = 1.25 seems to provide the best
tradeoff between visual enhancement and accurate integra-
tion of SAR features in MS bands. However, the choice of
the parametersL andk (1 ≤ k ≤ 2 with eitherL = 2 or
L = 3, for best results) reasonably depends on both land-
scape and applications. How the spectral information of the
original MS image is preserved is demonstrated by the val-
ues of average Spectral Angle Mapper (SAM) reported in
Table 1. Ifv = {v1, v2, · · · , vN} denotes the original spec-
tral vector of a pixel and̂v = {v̂1, v̂2, · · · , v̂N} the distorted
vector obtained after fusion, SAM is defined as the absolute
angle between the two vectors:

SAM(v, v̂) = arccos
(

< v, v̂ >

||v||2 · ||v̂||2

)
. (6)

Table 1: Spectral distortion (average SAM) between resam-
pled original and fused MS pixels) vs. approximation level
L, and soft threshold of modulating texture,θ = kσt.

k = 0 k = 1 k = 2 k = 3

L = 2 1.102◦ 0.510◦ 0.413◦ 0.395◦

L = 3 2.123◦ 0.672◦ 0.439◦ 0.405◦

L = 4 2.777◦ 0.720◦ 0.449◦ 0.415◦

As it appears, increasingL and/or decreasingk may
cause overenhancement, which is accompanied by a loss



of spectral fidelity in the fusion product. This effect is par-
ticularly evident when soft-thresholding of SAR texture is
missing (k = 0). An analogous trend was found for the dif-
ferences between mean of original and fused bands. How-
ever, the highpass nature of the enhancing contributions
from Pan and SAR makes radiometric distortion, i.e., mean
bias, to be negligibly small in all cases.

5 Conclusions

Intensity modulation has proven itself to be promising for
multi-sensor image fusion of SAR and multiband optical
data. The proposed fusion procedure allows homogenous
data (MS and Pan) to be effectively integrated with the
physically heterogeneous SAR backscatter. The method
does not directly merge spectral radiances and SAR reflec-
tivity; instead, the combination is obtained by modulating
the intensity of MS bands, after sharpening by injection of
Pan highpass details, through texture extracted from SAR.
An arbitrary number of spectral bands can be dealt with,
thanks to the definition a generalized intensity, tailored to
the spectral correlation of MS and Pan data.

Experiments carried out on Landsat-7/ETM+ and ERS
data of an urban area demonstrate careful preservation of
spectral signatures on vegetated regions, bare soil, and also
on built-up areas (buildings and road network) where infor-
mation from SAR texture enhances the fusion product both
for visual analysis and classification purposes. Objective
evaluations of the quality of fusion results are presented as
spectral fidelity scores with the original MS data. Future
work will concern measurements of classification accuracy,
obtained either with or without fusion, to demonstrate its
benefits for practical applications.
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