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Abstract—Image databases, medical records and geographical Here retrieval is performed by specifying properties th t
information systems contain data that is intrinsically correlated, image is known/expected to have. A query feature vector
i.e. elements within a single single record show a high degreeis yanerated and matched with the feature vector associated

of correlation. Content based retrieval is a common technique . - .
for querying such databases. The query specifies an image or With each image in the database. CBIR databases have been

components that the record is expected to contain or be similar déveloped for medical and remote sensing applications [3],
to. We propose a technique for compact storage of such correleti  [4].

dhata thathi§ used ]Ior content based retrieval hOrL]Jr nl?ethod utiliz(ejs Databases used for CBIR store the entire record (images,
the machinery of compressive sensing, which allows an under ,,qiea| gata etc.) possibly in a compressed format, tegeth
determined system of equations to be approximately solved by ™. .

1-minimization if the data is a sparse linear combination of an With @ feature vector that is compared to the query. The
appropriate set of basis vectors. Such sparsity is seen in thesedatabase size grows linearly with the number of records. In
correlated databases. If the sparsity is high or if some distortion some applications such as MS/HS imaging, a single record is

is permitted in the retrieved data, the data can be retrieved by a 5 3D cube of images of a single ground scene. This causes
reconstruction operation with a constant storage cost indeperght the database to grow rapidly

of the number of records stored. If exact retrieval is needed,@ne .
additional storage is required for each record, much smaller than ~ The CBIR conclept may be exten_ded to non-image de.\ta
the size of the original record. We illustrate the performance of such as the medical and geographical databases described

this method with a database of remote sensing images. previously. We call the general idea Content Based Retrieva
(CBR).
Compressive Sensing(CS) exploits the sparsity of coeffi-
Correlated datasets (datasets where elements within edrecgents of natural signals for the solution of underdetesin
are correlated) occur commonly in scientific and commercigjerse problems. Suppose thatis a length N signal with
applications. Examples are multimedia databases, medigal-~ N nonzero entries. A sensor measures samplesbz
images and satellite images. Such images are well knowfere y is a length M vector, with K < M << N.
to be sparse when decomposed in appropriate bases SHgE matrix® of size M * N satisfies aRestricted Isometry

as wavelets, i.e. only a few of the coefficients contain mog{opertyRIP) with parametergm, §) for § € (0, 1) if
of the energy while most of the coefficients are small in

magnitude. This is a result of the high degree of correlation (1=08)|c||2 < ||1®xz|]2 < (1+6)||c||2 (1)
between neighboring pixels of the image. The dimension of

the data is multiplied, and the correlation even more psal It is shown in [5], [6] that if® satisfies the RIP withn =
when multiple images of the same scene are captured,2d$ andd§ < /2 — 1, thenz can be recovered perfectly by
happens when different medical modalities(such as MRI asdlving

CT) are used to image the same patient, and when multispec- min ||z||, such thaty = ®z )
tral/hyperspectral(MS/HS) sensors view a single groumtec

Another kind of correlated data occurs when there is a|f 2 IS not exacﬂy sparse, but the Components decay rap|d|y

strong causal relationship among elements of a record. Ex-magnitude, then: can be approximately recovered with a
amples are medical records that record lifestyle factod agjstortion that is bounded by

health disorders of a population, and geographical datsbas

I. INTRODUCTION

containing observations of local physical conditions aatt n |lz* — ], < Cos‘%Hx — |, ©)
ural vegetation or infectious disease. (Here there is alpati
correlation as well). Here z* is the solution to the linear program(2) and

Content Based Image Retrieval(CBIR) [1], [2] is a commois the signal obtained by retaining thehighest magnitude
technique for recovery of images from an image databas®mponents ofr and setting the rest to zero.



Il. CONTENT BASED RECOVERY BY COMPRESSIVE error to be higher than the previous case, requiring more
SENSING storage for the residue;. However the wavelet transform

is data-independent and efficient algorithms exist for Wwetve

For concreteness, we describe a CBR system based Qi ,mnosition and reconstruction. Hericedoes not need to
Compressive Sensing for remote sensing images. The dataligs ooreq andb can be computed directly. The extra storage

contains\ x NV size images of land cover. We divide eachy 5 \qrthwhile tradeoff for the computational efficiency.
image into sizeL = B x B blocks and process each block

independently. Each block has associated with it a featuke Feature Vector Generation

vector consisting of linear projections of the block on eliént We need¥ such that (i) = WV is RIP-satisfying and (ii)
patterns. Each (vectorized) bloék of length L together with 4,0 taotire vectof; = ®x can be specified by the user based

the feature vectoy; is stored in the database. However we d8n the imager desired. The degree of knowledge about the
not store the full block. Instead only an error component tha, .,

. , e possessed by the user depends upon the specific CBIR
needs much less space is stored. We describe the query E‘Sﬁﬁcation and level of expertise of the user. For our remot
retrieval process in more detail below.

sensing application, we assume that the user knows theajener
We assume that the user generates a query vedwreach coarse-scale pattern for eagh+ B size block and the local
block of the image desired. This vector is compared to theyiyres. We divide each = B block into smaller squares of
feature vectors of blocks in the database and the best matchi; e p « P, each of which is assumed to be a single texture.
vector f; is selected. A conventional CBR system would returfipis model is well suited for a land cover pattern consisting
the corresponding image blodk as the best response to thg;f homogeneous areas separated by sharp boundaries.
query. Instead, we take advantage of compr('esgive' sensing ®very image stored in the database is divided ifte B
compute a large part of the blodk by /, minimization as gjze plocks, and each block is downsampled by a factor of 4 in
detailed below. each dimenstion. The low-resolution patterns from all iesag
Suppose thal” is a L « L orthonormal basis that sparsifiesgre normalized and clustered to provide candidate coaale-s
bj, i.e. b; = Vu where the coefficient vectar either has patterns that are presented to the user. Each original iisage
only a few nonzero elements or the element magnitudes deeayo divided intaP+ P squares and these are similarly clustered
rapidly, so that most of the energy is contained in only thg optain the candidate patterns for ea@h P square in the
first few largest magnitude components. l&tbe aL « ' jmage. The fine and coarse scale patterns are collectedheget
matrix with the columns being unit norm patterns such thahd orthonormalized.We chose = 32 and P — 8 for our
fj = ¥Tb; is the lengthF feature vector corresponding toresylts. Our simulation uses 108 « B size patterns and 25
bj. We assume thaf’ < L. Let ® = UTV. Then f; = ®z.  p p size patters.
Compressive Sensing indicates thadikatisfies the RIP, then  oyr feature vector contains the values of the dot product
z and hence); can be recovered from knowledge ffusing of each image block with the unit-norm patterns generated
the linear program in(2) with the reconstruction error givey by clustering. We assume that the user can specify these
equation(3). values accurately enough to obtain the desired image. The
In some applications some error in the retrieved data may¥act method to do this depends on the specific scenario.
be acceptable. Also, if has atmost nonzero components, For example, in the medical CBIR system described in [3], a
the reconstruction error is zero. In this case the only g®raphysician identifies a pathology bearing region(PBR) in a CT
needed is for matri¥/, if this is a non-standard basis. ¥  scan, and this region is used to generate the feature vector.
is a standard basis such as a wavelet, this does not need tgnbis case the feature vector described above is obtaiped b
stored. projections of the PBR on the fine and coarse scale patterns.
In most applications exact recovery is required. Suppaake tinother method of obtaining the feature vector in the remote
the reconstructed datals. Then the erroe; = b; —b; can be sensing case is to ask the user to estimate the similarityeof t
stored in the database along with the feature vector(idstéa desired ground pattern to each of the patterns found above.
the full blockb;). This results in reduced storage requirementshis similarity is used to set the dot product values. To wtud
A bound on the storage needed is given below. whether® satisfies the RIP we follow the approach of [7].
We consider two choices fo¥’. Since the sparser theLet ® be normalized to have unit norm columns. A subset
decomposition of each; with respect toV/, the less is the of columns indexed by/ is denoted®;. Let A; = &7,
reconstruction error, we first consider the Karhunen-Loe® the Gram matrix. We may writed; = I + Bj. If
basis obtained from the blocks; for this purpose .Let ||B,||, = ||B,[|,_ < J then the RIP is satisfied for this
C =13, b;b] be the sample covariance matrixfof with I subset of columns . To test whether RIP holds for all column
the number of blocks. Then the set of eigenvectorsuch that sets of sizes, we can consider the full Gram matrik = &7 ®.
C = VSV gives the Karhunen-Loeve basis. The coefficientsor each row ofA excluding the diagonal element, we find the
Vb, are known to be optimally sparse, i.e. the energy in thainimum number of elemeniswhose absolute values sum to
signal is maximally compacted, on average. just greater than the required If p — 1 > s, RIP is satisfied
The second choice is a 2D Haar wavelet basis. Since tffiis sparsitys. We found that this is satisfied for reasonable
basis is not optimally sparsifying, we expect the recomsion values ofs.
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Fig. 1. Retrieval by Compressed Sensing

B. Coding the error knowledge about the coefficients for Haar wavelet bases that

If e is coded without taking any advantage of any statigi2ve & smaller suppor2 2 and4:x4 pixel sizes). Hence there
tical properties, the distortion function is given By(R) = 'S greater error in the estimation of these coefficientsguain
co22-2R where o2 = E(L ||e||2) [8]. Since this is much minimization. This results in a more blocky image as a result

e e N .

smaller than the energy ih;;, it requires far fewer bits of reconstruction. However we find that the mean square error
7 . . .
to code to a particular distortion than the original signayV@s increased only modestly relative to the KLT case. This

We found by experiment that the error had Gaussian staf8€ans that the additional storage needed is relativelylsmal
tics. For a Gaussian signd(R) = ¥372-2R42. From(3) and worth the computational advantages of using a fixed basis
: = ¥ 2,

0?2 < %Hx—xsﬂi. Eliminating o2 gives the number of IV. IMPLEMENTATION RESULTS
bits needed for entropy coding the residue for a particularWe created a database containing 32*32 pixel blocks from
distortion. Since most of the energy af is in the firsts panchromatic images taken by LANDSAT. For each block
coefficients, the number of bits needed is much smaller thawe store the feature vector and the error resulting figm
the number needed to store the full signafor equivalently reconstruction.
b;). To simulate the query process, we took 256*256 pixel size
We coded the error in the Karhunen-Loeve coefficients ijmages for which the blocks were known to be in the database.
uniform scalar quantization followed by Huffman coding. W&Ve assume that the query feature vector for each block is
also used the SPIHT algorithm [9] to code the full image tgenerated accurately enough to match the true featurervecto
the same mean square error. For the 2d-Haar case we coassbciated with the block in the database. We use the feature
the error in the wavelet coefficients similarly. vector to generate thé reconstruction and add the stored
Note that if the records are not images, SPIHT cannot besidue to it to get the exact reconstruction.
used. Then the appropriate comparison is between the size diVe used a simple Huffman code based on the histogram
the uncompressed record and the entropy coded residue dilethe residues to code the residue error. If the database
size. stores only images, a conventional CBR system may store
o o ) each (complete) image either in compressed or uncompressed
C. Efficient update of the Principal Component basis vectof§rmat. We compressed each complete image using SPIHT to a
We use the eigenvectors of the covariance matrix of the sigiean square error of 1.2 and noted the size of the compressed
nal as the basi® because it optimally sparsifies the signal. Afile. We also note the file size needed to entropy code the
signals are added or removed from the databésaegeds to be residue and restore it to the same mean square error.
updated to maintain the average sparsity. The update may takA CBR system may also contain non-image data, in which
place after each or a small number of additions/deletioms fr case compression may not be done. In this case the size of the
the database. The eigenvectors can be found by the Singulagompressed image needs to be compared to the size needed
Value Decomposition(SVD) of the matrix. An efficient way tdo store the residue. The results are shown in |. We see a
carry out these updates is mentioned in [10]. reduction of about 50% in the file size. We believe that a bette
choice of feature vector patterns and compression techgiqu
lIl. 'USING A HAAR WAVELET BASIS for the residue will result in further improvement of these

Instead of the Karhunen-Loeve basis, a fixed basis could tgsults.
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Fig. 3. With Haar basis: 3a: Reconstruction using Compressénsing 3b: Residue stored in database, with mean incréaseldrity
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