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Abstract—We propose a new method of image fusion that solving
utilizes the recently developed theory of compressive seng. min jjxjj, such thaty = x 2
Compressive sensing indicates that a signal that is sparse i
an appropriate set of basis vectors may be recovered almost Matrices with elements drawn from a Gaussian or Bernoulli

exactly from a few samples vial,-minimization if the system distribution are known to satisfy RIP with overwhelming
matrix satis es some conditions. These conditions are satied probability

with high probability for Gaussian-like vectors. Since zen-mean
image patches satisfy Gaussian statistics, they are suitigbfor Il. IMAGE FUSION

compressive sensing. . L

We create a dictionary that relates high resolution image  !mage Fusion r_efers to the process of combining images
patches from a panchromatic image to the corresponding Ilteed Of a scene from different sensors to discover knowledge that
low resolution versions. We rst propose two algorithms tha is not apparent from any single image alone. For example,
ol i oy 3 o sl v L the LANDSATY saelc s a panchomaic camera of 15m
of li-minimization, we use Principal Component Analysis to resolution and_? multispectral band SEnsors with resaiutio
identify the orthogonal “modes” of co-occurrence of the low 30m. We consider the problem of fusing images from bands
and high resolution patches. Any pair of co-occurring high ad 2,3 and 4 with the panchromatic image to obtain high resolu-
low resolution patches with similar statistical properties to the tionimages for each spectral band. These bands were sklecte
patches in the dictionary is sparse with respect to the prinipal pecause they approximately match the spectral window of

component bases. . . .
Given a patch from a low resolution multispectral band image the panchromatic camera. Conventional methods used ®r thi

we usel;-minimization to nd the sparse representation of the Problem include the Brovey [3], IHS transform [4], Principa

low resolution patch with respect to the sample-domain priipal Component Analysis(PCA) [5] and wavelet based methods
components. Compressive sensing suggests that this is teeme  [6], [7].The fused images must match the panchromatic image
sparse representation that a high resolution image would h& i gpatial detail and the low resolution bands in spectral

with respect to the principal components. Hence the sparse . .
representation is used to combine the high resolution prinipal properties. PCA and the Brovey transform methods show high

components to produce the high resolution fused image. spectral disortion.
This method adds high-resolution detail to a low-resolutio

multispectral band image keeping the same relationship thia Ill. I MAGE FUSION BY COMPRESSIVESENSING

exists between the high and low resolution versions of the We propose three new algorithms that utilize Compressive

panchromatic image. This reduces the spectral distortion bthe  Sensing for Image Fusion. Compressive sensing requires the
fused images and produces results superior to _standard fusin system matrix to satisfy the RIP property(1). This may be
methods such as the Brovey transform and principal componen . . . - . .
analysis. achieved in two ways : (i) by explicitly constructing a matri
to satisfy RIP, and (ii) by reducing the problem to a matrix
|. INTRODUCTION that is known to satisfy RIP, such as a Gaussian matrix. We
Compressive Sensing is a new signal processing topic thae the latter method. We rst de ne a model for the expected
exploits the sparsity of coef cients of natural signals the high resolution fused images given the data. This is used to
solution of underdetermined inverse problems. Suppose tlggnerate a library of candidates for the high resolutiordus
x is a lengthN signal with K << N nonzero entries. A images. Corresponding to each candidate in the high résolut
sensor measures samplgs= x wherey is a lengthM library we generate a feature vector in another library.thet
vector, withK < M << N . The matrix of sizeMXN library of candidate images 2y, and the library of feature
satis es aRestricted Isometry Propertyith parameter¢ém; ) vectors beD .
for 2 (0;1) if For the rst method, we utilize the PCA fusion result as
NP . N a starting point. Since the PCA result has good spatial Idetai
(@ iz X @+ )i (1) but suffegrspfrom spectral distortion, we mgdify thpe spdctra
It is showngn [1], [2] that if satis es the RIP withm =  properties of the PCA result in a random manner while
2K and < 2 1, thenx can be recovered perfectly bymaintaining the spatial features of the PCA results.



A. Algorithm | Let v be the vectorized panchromatic image block with
zero mean.

We use the PCA algorithm to fuse the low resolution MS
For each samplé,

bands with the panchromatic image. Let the fused images be

bi,b, and b;. We divide the fused images into 16x16 pixel a) For each pair of adjacent regiorfsj ) in the
blocks. Leth be thej™ block of thei® band, andd be segmentation map, nd a random numbefrom
the 8x8 pixel block in the original low resolution barid N (0;1). Addr to each pixel of regiom in v, and
corresponding to this block. r to each pixel of regio in v. _
For each 16x16 pixel block{ ' b) SetDH K V. Find the mean of each 2x2 pixel
1) For each 4x4 block off , subtract out the mean value. o) ?lgtcrﬁg]: E)eg,[';]lg ?T]Lekén oDy andmD, be the

2) CreateDy and D, matrices of size 256*S and 64*S
respectively, where S is the number of samples. For each
sample inDy , add a random number drawn from N(0,1) d)
to the mean of each 2x2 block, contains the mean
value of each 2x2 block after adding the random number.

3) For each 2x2 block off , subtract out the mean value.
Call the resulting length 64 vectgr and the vector of

mean ofD . SubtractmDy andmD | from each

column ofDy andD, respectively.

Let mean(d;), and lety  d

e) Letn be a length S vector witl; = jjDy;jj,.
NormalizeD | ; D_i=n;.

f) Solve

means . L
4) LetmDy be the mean oDy andmD | be the mean min jjgj, such thaty  mD_ = Dic  (4)
of D . SubtractmDy andmD _ from each column of g) Normalizec G =n;.
Dy andD/_, respectively. h) Sett mDy +Dyc+ . Thisis the fused result.
5) Letn be alength S vector with; = jjDyijj,. Normalize  \yg jmproved the performance of this algorithm by segment-
Dii  Dui=ni. ing a linear combination of the panchromatic image and the
6) Solve interpolated MS image for each band. L®#, be a blurred
version of the panchromatic image with sike2 K=2. Let
min jjcjj, such thaty mD_ = D.c (3 = o= be the correlation coef cient. Let" be the

interpolated MS band images. We use 2p+(1  2)h™"

A N N for the segmentation for each bamndThe rationale is that
8) Setx; rgDH: %Htﬁ+bl ' Eerft);; !fhthbe flchsed(jrfguIt if the correlation is high, the panchromatic image contains
correspon |.ng 0 the™ block ot thel ) an gn 'S valid information for the band and should be weighed heavily
the vector interpolated to match the dimensionsxof  therwise the low-resolution image should be relied on.

Note that aftermD_ is subtracted out oD, only the |y, A FASTER ALGORITHM USING THEKARHUNEN-LOEVE
Gaussian residue is left behin®.. is then normalized to BASIS

have unit-norm columns. Such a Gaussian matrix is known
to satisfy RIP with overwhelming probability [1]. Also, the
reconstructed block is likely to be a sparse linear commnat
of the columns ofDy . This justi es the use of the results

7) Normalizec; Ci=n;.

In this algorithm, we utilize training samples from panchro
matic and MS band images to learn the statistics of the images
we wish to generate. We use Principal Component Analysis to
. generate the bases that optimally sparsify the sample ngecto
rel\(';l\;[ed t.(l). RIdP tr:) rec%Tst:juct the fusf?V(VJI |mages|; . Since the number of bases is much smaller than the number
e utilized the public-domain software packagemagic of samples); minimization takes much less time. We use the

[8] to implement the optimization algorithm in (3). We foun sult of the standard PCA algorithm to extract the desirabl
that about 8000 samples was suf cient to produce accepta perties for the fusion result. To avoid confusion, wered
results. the standard PCA algorithm as sPCA. Since the sPCA result
B. Algori shows color distortion, we use the low resolution MS band

. Algorithm 1l ) . : .

images to specify the mean of each 2x2 block in the fusion

For the second algorithm we segment the panchromagigsult, and ensure that this information is not obtainednfro
image and randomly modify the mean values of each regiqRe sPCA result. We assume that the image statistics over 8x8
To maintain spatial detail, we wish to preserve the diffeeenwindows are almost invariant from the highest resolutioth&®

between each pair of adjacent segments. next coarser resolution. This allows us to train the altonit
For each K*K block at high resolution, let be the low- with low resolution images and use them to synthesize high
resolutions-X & block from low resolution MS band resolution images.
1) Segment the K*K panchromatic image block to get C 1) Use the sPCA algorithm to fuse the low resolution
regions. MS bands with the panchromatic image. Let the fused
2) Find the adjacency matrix for the segmentation map. images bey b, andb;.

3) TocreateDy andD, , matrices of siz& 2*S and KTZ*S 2) Extract 8x8 pixel blocks from corresponding locations
respectively, where S is the number of samples: of the three MS bands to generate a 8x8x3 length sample



vector. Construct a librarpy of size 192*K with K

samples of training data. hf phip (6)
3) Let mDy be the mean ofDy. Remove it from j=1; 23q
eag,h sample ODH Find the covariance matri€ = We may writep = pg+ for the 2x2 panchromatic block,
K_ i=1 DH'DTHI Find its eigevector matri%/ such with  the 2x2 block mean angy the residue after the mean
thatC = VSV ) i i is removed. Then we have
4) Leth;,1<=i<=j <=4, be a 8x8 matrix that
has valuel at the 2x2 block bounded i 1;2i and b
2 L2 2 Let B be the matrix of vectorizeds; for b P]lﬁ(p" ) 7
1<=i<=j<=4.LetW be the matrix de ned as
Since each pixel i’ is a multiple of the corresponding
B 0 O pixel in b, the Spectral Angle Mapper value remains O.
@o B 0A However the rauoPL changes from each 2x2 block
©c 0B to the next,causing heavy spectral distortion. We propose a
HereO is a 64*48 matrix of Os. simple modi cation that reduces the spectral distortion:
5) De ne G, a 192*D size matrix with elements drawn
from a O-mean Gaussian distribution with variance =hb(1+ Ppi) (8)
1/192. We chose D=80. =123 0
6) FindP = WG andR=G WP. LetZ =[WR]. This reduces the variability in the ratio over the image whil
7) DeneV, = ZTV andmD_ = Z"mDy. maintaining the simplicity of the Brovey transform. we falin

8) Let n be a length 192 vector with the norm of eachhat ne details were more easily distinguishable in theefiis
column of V. Normalize each column to unit norm. result if a multiple , 1< < 2, was used along witpy in

9) To fuse the™ 8x8 block, the equation. We chose = 1:3.
a) Concatenate blodkof each ofty b, andbs to form We provide a comparison of our fusion results using three
vectorz;. commonly used measures : the Spectral Angle Mapper(SAM)
b) Lett be the vector of 4x4 pixel blocks from thevalue, between the low-resolution MS image and the fused
MS band images corresponding to black image, the mean Correlation Coef cient between the panchro
c) Deney=[2t"z'R]". matic image and the fused MS images, and the ERGAS
d) Solve measure [9], which is designed speci cally to measure faisio

performance (a smaller value indicates better performjance
min jjcj, such thaty mD_ = V,c (5) TABLE |

. COMPARISON OFFUSIONRESULTS
e) Normalizeg G =n;.

f) Set® mDy + Dy c. This is the fused result. Method SAM(deg) | Corr Coeff | ERGAS
Here W is a matrix of basis vectors corresponding to 2x2 Standard Brovey 0 0.81 234
pixel block means from each band. We de ne a set of random Standard PCA 9.59 0.89 21.4
basis vectors G from a Gaussian distribution and remove any Cs-l 4.85 0.74 11.62
components of these vectors in the subspace spannatl by cs-l 5.6 0.83 13.5
to obtainR. The result of the sPCA algorithm is projected CS-KLT 6.3 0.82 11.5
onto vectorsR, and these projections together with the low Modi ed Brovey 0 0.71 4.84

resolution pixel values provide the data vectorFor each

column inV, a vector is generated in the same manner t0\yg see that all the Compressive Sensing algorithms have

obtainVi, which is used foi; minimization. much better spectral distortion performance(as measuyed b

SAM and ERGAS) than the standard Brovey and PCA

methods. The modi ed Brovey transform shows much lower
In Algorithm 1l and the KLT-based algorthm, we removedpectral distortion than the standard method.

the distortion in the sPCA result by modifying the low resolu

tion spectral values. This leads us to propose a modi c&tion VI. CONCLUSIONS

the standard Brovey transformation method for image fusionWe presented algorithms that utilize Compressive Sensing

that greatly reduces spectral distortion while maintajnihe for fusion of low-resolution multispectral images with hig

computational complexity of the standard Brovey tranform. resolution panchromatic images. Our algorithms use sample
For a given 2x2 pixel block from the panchromatic image,data from similar images or a model for the expected fused

let b be the value of the corresponding single pixel in the loimage to build a library or a orthonormal basis. Each element

resolution image of band Then the standard Brovey methodf the library or the basis induces a feature vector that éslus

gives the fusion result for this 2x2 block in banés with the data for reconstruction via minimization.

V. A MODIFIED BROVEY TRANSFORM ALGORITHM
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Fig. 1. Original images : 1a: Panchromatic image; 1b,1cBahds 2,3,4; 1e: Combined bands

Fig. 2. Fusion by Standard PCA algorithm : 2a,2b,2c: Ban8s422d: Combined bands

Fig. 3. Fusion by Algorithm | : 3a,3b,3c: Bands 2,3,4; 3d: @imed bands



Fig. 4. Fusion by Algorithm Il : 4a,4b,4c: Bands 2,3,4; 4d:n@mned bands

Fig. 5. Fusion using KL basis : 5a,5b,5¢: Bands 2,3,4; 5d: koed bands

Fig. 6. Fusion using standard Brovey : 7a,7b,7c: Bands 2728l4Combined bands

Fig. 7. Fusion using modi ed Brovey : 7a,7b,7c: Bands 2,3d; Combined bands



