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ABSTRA CT

Content-based image retrieval using a ScalableVocabulary Tree (SVT) built from local scale-irvariant features
is an e ective method of fast seard through a database. An SVT built from fronto-parallel databaseimages,
howewer, is ine ectiv e at classifying query imagesthat suer from perspective distortion. In this paper, we
proposean e cien t sener-sideextensionof the single-viewSVT to a set of multiview SVTs that may be simulta-
neously employed for image classi cation. Our solution results in signi cantly better retrieval performancewhen
perspective distortion is presen. We also develop an analysis of how perspective increasesthe distance between
matching query-databasefeature descriptors.
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1. INTR ODUCTION

Onesuccessfubpproacd to content-basedimageretrieval in recert yearsrelieson robust local features. The Scale-
Invariant Feature Transform (SIFT) extracts featuresfrom an image that can survive moderate geometric and
illumination distortions.! An alternative to SIFT, called Speeded-UpRobust Features (SURF), o ers similar
image retrieval performance? To avoid an expensiwe linear seard through the database, local features are
typically organizedinto a Scalable Vocabulary Tree (SVT).2 An SVT enablesa fast preliminary seard for a
small subset of the closest matching database images. Then, pairwise comparison of the query image with
databaseimagesin this subsetis computationally practical.

Unfortunately, SVT-based retrieval performs poorly if objects of interest are imaged under seere perspec-
tive. First, many keypoints identied by a local feature detector in a fronto-parallel view cannot be repeatably
identied in a perspective view. Second,circular regionsaround keypoints in a fronto-parallel view deform into
elliptical regionsin a perspective view, causingthe feature descriptorsto changesigni cantly.

Many previous solutions focuson perspective recti ¢ ation on the query side. Douxchampsand Macq seard for
projective parametersthat minimize sum-of-absolutedi erences betweentwo stereoimages? Their exhaustive
seart is not designedfor real-time image retrieval. Koser and Koch segmem out planar patchesin the query
image, re-project the patches, and extract SIFT features® Their approac requires accurate depth estimation,
which is a nontrivial task. If object surfacesin the image can be approximated by planar patches, the a ne-
invariant feature detector proposed by Mikolajczyk and Scmid can perform well in spite of large viewpoint
changes,albeit at much higher computational costthan the SIFT or SURF detector.®

The complexity of perspective recti cation is relatively high for the query side, especially for our application,
where the samemobile camerathat captures the query photo might also perform feature extraction. Thus, a
better solution is to perform perspective matching on the serer, as e ectiv ely demonstrated by Lepetit et al.”+8
Database imagesin fronto-parallel view are projectively transformed to mimic dierent types of perspective
expectedin the query images.

Lepetit's perspective matching system usesrandomized decisiontrees and keypoint localization which is not
scale-invariant. In this paper, we propose perspective matching using SVTs, which are more commonly used
than randomized decisiontrees. The SVTs are built from SIFT or SURF features, which are scale-irvariant.
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Se\eral canonical views are chosen: one represerts the original fronto-parallel view, while the others represert
dierent perspective views. A set of multiview SVTs is constructed, where a dierent SVT is built for eah
canonicalview. This multiview SVT databasestructure is well suited for a multi-pro cessorsener. In Sec. 2, the
e ect of perspective distortion on local featuresis discussed providing an analysisand explanation not found in
prior work on why a single-viewtree fails. Multiview SVTs are preseried in Sec. 3 to remedy the shortcomings
of a single-view SVT. Experimental results preseried in Sec. 4 shaw signi cant gainsin matching accuracy are
obtained with multiview SVTs.

2. EFFECT OF PERSPECTIVE DISTOR TION ON IMA GE RETRIEV AL

The nodes of an SVT are the certroids determined by hierarchical k-means clustering of database feature de-
scriptors. Supposean SVT hasN nodes. During the training phase,all feature descriptors extracted from the
i databaseimage are classi ed through the SVT, using a greedy nearest-neighbor seard.® After classi cation,
it is known how many times n;(j) the j!" node in the SVT is visited by the i"" databasefeature set, resulting

in a vector of node visit counts d; = [n;(1); ni(2); ::: ; ni(N)]. Similarly, when a query feature set is received
on the sener, its descriptors are classi ed through the SVT, generatinga vector g = [ng(1); nq(2); :1; ng(N)].
The dissimilarity betweenthe i" databasefeature set and the query feature set is given by
ey~ Wd Waq .
Di (di;q) = KWd k  KWgk 1)
whereW = diag(ws;:::;wy) is a matrix usedto assigndi erent entropy-related weights to di erent nodesand

the norm could be L, or L,.3 The databasefeature setswith the smallestD; valuesare further consideredfor
a more elaborate comparison.

Using the SVT, information about a feature setis condensedto node visit counts. A perspectively degraded
query feature set and the matching fronto-parallel databasefeature set will have di erent numbers of features
and di erent descriptors, as discussedin Sec. 2.1 and 2.2. Consequetly, their node visit cournts can be very
dissimilar, preverting the correctly matching databasefeature setfrom beingincluded in the set of minimum-D;
candidates.
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Figure 1. (a) Fronto-parallel CD cover image of resolution 500 500 pixels (ap, = 1:0). CD cover imagesobtained from (a)
by applying increasingly more perspective foreshortening (b) ap, = 1:2, (c) ap, = 1:3, (d) a, = 1:4, and (e) a, = 1:5.

2.1 Change in Num ber of Query Features

Perspective foreshortening eliminates many keypoints that are detected in a fronto-parallel query image. A
circular blob in the fronto-parallel view deformsinto an elongated ellipse after perspective foreshortening, and
the ellipsemay no longer qualify asa feature. Fig. 1(a) shavs an undistorted, fronto-parallel CD coverimage. By
applying increasingly more sewere perspective foreshorteningvertically, the CD cover imagebecomesprogressiwely
more distorted as shown in Fig. 1(b)-(e). Supposethe fronto-parallel CD cover has vertices with normalized
coordinates f (0; 0); (1;0); (1; 1); (0; 1)g. The projective transformation for parameter a, maps these vertices to
the coordinates f (0; 0); (1;0); (ap; 1=8,); (1  ap; 1=a,)0.

Fig. 2 plots the percertage of SIFT and SURF features lost, relative to an undistorted CD cover image, as
a function of the sewerity of perspective foreshortening. The statistics are averagedacross50 di erent CD cover
imagesof resolution 500 500 pixels. As perspective distortion worsens,the percertage of featureslost becomes
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Figure 2. Average percertage of features lost for (a) SIFT and (b) SURF, for 50 CD cover images.

signi cant. Supposean SVT is built from databaseimagesin fronto-parallel view. Fig. 2 demonstratesthat
the query and databaseimagescan disagreesigni cantly in the number of features for a CD cover. Thus, the
scoring metric in (1), which requiresthat the number of featuresfor an object of interest is similar in the query
and databaseimages,will becomeinaccurate.

2.2 Change in Query Feature Descriptors

Even if a keypoint is repeatably detected in the perspective view, the feature descriptor can still be sewerely
distorted. After perspective foreshortening, di erent gradient responseswill be measuredin the image patch
around a keypoint. Both SIFT and SURF calculate descriptors basedon local gradients, so the deformation
directly translates into distortion in the feature descriptor.

We analyze in Appendix A how the L,-norm distortion in the descriptor increaseswith the sewerity of
perspective. A Gaussianblob is chosenas our example of an image patch. Then, we can accurately model the
changein the gradient eld of the Gaussianblob as perspective increases. Distortions in the SIFT and SURF
descriptors are natural consequencesf the gradient eld's distortion.

Fig. 3 shows the L,-norm distortion in the SIFT and SURF descriptors of the Gaussianblob as perspective
increases. The empirical curves are found by calculating SIFT or SURF descriptors on synthetic imagescon-
taining only Gaussianblobs, while the model curves are found by computing gradient vector elds as derived
in Appendix A. Distortion curvesfor real image patcheswill deviate from these curvesbecauseGaussianblobs
are too simple to accourt for complex patterns in real image patches. Nevertheless,our model clearly identi es
distortion of the gradient eld asthe key reasonfor increaseddistortion in feature descriptors.

Also con rmed experimentally in Fig. 3, the averagelL ;-norm distortion in SIFT or SURF descriptors for
real image patchesincreaseswith the sewrity of perspective. The distortion is considerablefor even moderate
amourts of perspective and rises above half of the inter-centroid distancesat di erent levels of the SVT. Many
of thesedistorted descriptorswill be incorrectly classi ed in the fronto-parallel SVT, and the resulting node visit
courts will be increasingly inaccurate.

3. MUL TIVIEW  SCALABLE VOCABULAR Y TREES

To accurately classify perspectively distorted query images,we proposethe creation of multiview SVTs. Our test
material is a large collection of CD covers. Each CD cover hasfour sidesand a front face,so v e multiview SVTs
is a reasonabledesign choice, where eath SVT corresponds to one canonical view. The original fronto-parallel
database imagesbelong to the front view, asin Fig. 1(a). Then, to generateimagesfor a dierent view, a
projective transformation is applied to the fronto-parallel images, as depicted in Fig. 4. For example,in the
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Figure 3. AveragelL, distortion in feature descriptors of synthetic images containing only Gaussian blobs, for (a) SIFT
and (b) SURF. Models are derived from Appendix A. Averagel ; distortion in feature descriptors of 50 CD cover images,
for (c) SIFT and (d) SURF.

bottom view, perspective foreshorteningoccursin a bottom-to-top direction. The front view databaseimagesare
projectively transformed into bottom view images,as depicted in Fig. 4. By varying the direction of perspective
foreshortening, the top, left, and right views can also be generated. Local featuresare extracted from the images
in ead view and cortribute to the construction of that view's SVT.

On a multi-pro cessorsener, seweral SVTs can simultaneously sene an incoming query. The top database
candidatesto emergefrom ead SVT are further subjected to pairwise comparisonusingaratio test and geometric
consistency cheking (GCC).! Across all views, the databaseimage assaiated with the maximum number of
post-ratio-test, post-GCC feature matchesis selectedto be the best match. Our solution is attractiv e becauseit
utilizes the ample computational capabilities of a server to handle the problem of perspective distortion.

Multiview SVTs o er substartial improvemerts over a single SVT. Unlike a fronto-parallel databaseimage, a
correctly pre-distorted databaseimage can closelymatch a perspectively degradedquery imagein the number of
featuresand in the characteristics of feature descriptors. Multiview SVTs preemptively prepare for perspective
distortion and mimic the degradations. The statistical mismatchesbetweena query feature set and the matching
databasefeature set described in Sec. 2 can be greatly reducedwith this pre-distortion approad.
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Figure 4. Construction of the front and bottom SVTs in a multiview set.

4. EXPERIMENT AL RESUL TS

The performanceof multiview SVTs is evaluated using a databaseof 10,000CD cover images,ead of resolution
500 500 pixels. Fifty of these covers are randomly chosenand photographed from di erent views, as shawn in

Fig. 5. Each SVT in the multiview set has a depth of 6 and a branch factor of 10, meaning the tree contains 1
million leaf nodes.

For eath SVT, the 25 databaseimagesattaining the smallest valuesof D; in (1) are chedked for geometric
consistencyagainst the query image. Among all SVTs, the databaseimage with the largest number of geomet-
rically consisten feature matchesis reported. If no databaseimage contains at least 10 geometrically consistert
feature matches, a No Match result is reported. The matching rate is the fraction of query images correctly
identied. A No Match result is consideredan incorrect identi cation.

(b) (d) () (h) 0)
Figure 5. Query imagesin (a)-(b) front, (c)-(d) top, (e)-(f) right, (g)-(h) bottom, and (i)-(j) left views. The resolution is
640 480 pixels.



Table 1. Matching rates for di eren t combinations of query image sets and database SVTSs.

SIFT Front SVT | Top SVT | Right SVT | Bottom SVT | Left SVT
Front Query 0.92 0.06 0.00 0.08 0.00
Top Query 0.00 0.74 0.00 0.34 0.00
Right Query 0.00 0.00 0.60 0.00 0.24

Bottom Query 0.00 0.28 0.00 0.80 0.00
Left Query 0.00 0.00 0.18 0.00 0.76

SURF Front SVT | Top SVT | Right SVT | Bottom SVT | Left SVT
Front Query 0.96 0.00 0.00 0.12 0.02
Top Query 0.00 0.72 0.00 0.26 0.00
Right Query 0.00 0.00 0.72 0.00 0.20

Bottom Query 0.02 0.16 0.00 0.76 0.00
Left Query 0.00 0.00 0.24 0.00 0.84

Table 1 shows the matching rates for SIFT and SURF. For example, the entry in the Left Query row and
Front SVT column is the matching rate for query imagesin the left view and an SVT for the front view. Only
rates along the main diagonal are satisfactorily high, and they correspond to the situations where query and
databaseimagesbelongto the sameview. The Front Query-Front SVT entry shaws the highest matching rate
becausethe front view does not su er from sewere perspective distortion. Additionally , the top and bottom
views share similar featuresin the middle of the CD cover, as do the left and right views, resulting in small
matching rates for the Top Query-Bottom SVT, Bottom Query-Top SVT, Left Query-Right SVT, and Right
Query-Left SVT combinations. Looking acrossthe Front Query row, we can obsene the performanceof a single
fronto-parallel SVT. This SVT only works well for fronto-parallel query imagesand fails for query imagesin
perspectively distorted views. A set of multiview SVTs enablessigni cant increasesin matching rates compared
to any single-view SVT.

5. CONCLUSION

In this paper, we have preseried multiview SVTs as an e cien t serer-side solution for handling perspective
distortion in query images. We have shawvn both analytically and experimentally how statistical mismatches
betweenquery and databasefeature setsrender a single-view SVT ine ectiv e. Multiview SVTs can signi cantly

reduce this statistical mismatch by preemptively mimicking the anticipated projective transformation. This

solution utilizes the ample computational power of a server and shifts the complexity away from resource-limited
mobile cameras. By using multiview SVTs, the image retrieval performanceis much improved in the presence
of perspective degradations.

APPENDIX A. DISTOR TION OF FEA TURE DESCRIPTORS

In this section, we analyze the e ect of perspective foreshortening on a local feature descriptor, assumingthat

the keypoint can be repeatably identied after a projective transformation. To simplify analysis, image space
is assumedto be continuous. Suppose a blob i(x;y), which is a 2D-di erentiable function, is certered on a
keypoint identied by the SIFT or SURF detector. Without loss of generality, assumethe keypoint is located
at the origin. For the blob i(x;y), the e ect of perspective foreshortening can be approximated as geometric
compressionin one direction. Assume the blob is vertically compressedby factor a > 1, where a increases
as perspective foreshortening worsens. The parameter a is not the same as the parameter a, usedin Sec.
2, although the two parameters are monotonically related, as long as compressionis a good approximation

for perspectiY)e foreshortening. The distorted blob is i2(x;y) = i(x;ay). Let a 1D normalized Gaussian be
gx; )= 1= 2 2 exp( x2=(2 2)), and a 2D normalized Gaussianbe g(x;y; ) = g(x; ) 9o(y; ). The



Gaussian- Itered secondderivativesfor i2(x;y) are

Ly ) = gfzg(X:y: ) i(xay); 2)
Loy (Gy; ) = gg(x; y; ) i(xay); (3)
L2y ) = %g(x:y; ) ixay); (4)

where  denotes2D corvolution and is the characteristic scaleat which the keypoint is localized. Setting
a = 1yields the secondderivativesof the original blob without any vertical compression.

To simplify analysis, further assumethat the blob i(x;y) is a 2D normalized Gaussianof scale : i(X;y) =
g(x;y; ). The vertically compressedblob becomesi?(x;y) = 1=a g(x; ) a(y; :51). Then, using the fact that
convolution of two Gaussiansof scales ; and , yields another Gaussianof scale f+ 5 we nd that

2
Ly (y: ) = ég(X: Yoy 9 N & (5)
2
Lyy(y; ) = ég(X: 9 oy 9 Lx % ; (6)
Ly Gy ) = §Q(X: Yoy 9 e @)

where © P 2and P 1+ 1=a2. Now, we separatethe analysisbetweenSIFT and SURF, becausethese
two descriptors are calculated di eren tly, although both descriptors depend on the secondderivativesin (5)-(7).
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Figure 6. Gradient vector elds for (a) a= 1:0, and (b) a= 2:0.

A.1 SIFT Descriptor

The pair (L§,;LY,) from (2)-(3) canbe regardedasa vector eld. For the Gaussianblob, we can use (5)-(6) to
plot the vector eld in Fig. 6, contrasting two caseswhere vertical compressionis absert (a = 1:0) and presen



(a= 2:0). Perspective foreshortening, modeled as geometric compressionalong the vertical direction, results in
the vectors pointing downwards more.

The vectors (L§, ;L% ) canalsobe represerted in polar form as

XX 1

q
mi(xy; ) = L& (xy; )2+ La(xy; )? (8)
Ly (XY )
3(x:y; = arctan X ° 9
by ) Ly ) ®)
For SIFT, a grid of 4-by-4 squaresis laid on top of the image patch surrounding the keypoint, as shown in
Fig. 6. Within the i"" squareS;, a histogram of the vector anglesis calculated, and 8 bin certers f 1;:::; gg
are uniformly chosenon [0;2 ). A vector of local statistics is then formed as
z z z
Vi = ma(x;y; ); ma(x;y; ); i ma(x;y; ) (10)
( Bl Bz BS )
Bj = (xy)2S : j= agmn jx Axy )i (11)
k2f 1305 8g
The ertire 128-dimensional SIFT descriptor is v = [vy; Va; :::; Vig], and the normalized descriptor is v =

vIjjvjj2. Becausethe vector eld is distorted by vertical compression,as shown in Fig. 6, the descriptor is also
distorted. For the Gaussianblob, we can numerically evaluate (10) for all 16 squaresand calculate the descriptor
for di erent valuesof the compressionparameter a. Fig. 7(a) plots the L, error in the descriptor as function of
a, relative to the undistorted descriptor (a = 1:0). As expected, more seere vertical compressioncausesgreater
distortion in the descriptor.
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Figure 7. L, distortion in (a) SIFT and (b) SURF descriptor as a function of a, the sewerity of vertical compression.

A.2 SURF Descriptor
The region over which the SURF descriptor is calculated is also a grid of 4-by-4 squares.In the i squareS;, a
vector of local statistics is computed as
zZ zZ zZ zZ
vi = G b6y ) LyyGys )i b Gy Dl by 06ys i (12)
Altogether, the unnormalized 64-dimensional SURF descriptor is the concatenationv = [v1; Vo; :::; Vi), and
the normalized descriptor is v = vIjvjj,.

Becausethe vector eld in Fig. 6 becomesmore distorted as vertical compressionincreases,the SURF
descriptor calculated from integrals over the vector eld becomesprogressiwely more distorted. For the Gaussian



blob, we can numerically evaluate (12) for all 16 squaresand calculate the descriptor for di erent values of
the compressionparameter a. Fig. 7(b) plots the L, error in the descriptor as function of a, relative to the
undistorted descriptor (a = 1:0). Like for SIFT, more se\ere vertical compressioncausesgreater distortion in
the SURF descriptor.
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