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Abstract

This paper proposes a general method for improving imagerigésrs using
discriminant projections. Two methods based on Linear idisoant Anal-
ysis have been recently introduced in [3, 11] to improve imagp perfor-
mance of local descriptors and to reduce their dimensigndlhese methods
require large training set with ground truth of accuratenptd-point corre-
spondences which limits their applicability. We demornistitae theoretical
equivalence of these methods and provide a means to dedjecpon vec-
tors on data without available ground truth. It makes it fidesto apply
this technique and improve performance of any combinatiégmterest point
detectors-descriptors. We conduct an extensive evatuafithe discrimina-
tive projection methods in various application scenaridee results validate
the proposed method in viewpoint invariant matching andgaty recogni-
tion.

1 Introduction

Local image descriptors have become a strategy of choicalfinressing a wide variety of
problems in computer vision, from wide baseline matching)thie recognition of specific
objects to the recognition of object classes. They have bhpefied to image retrieval,
panorama building, texture recognition, scene classifinatobot navigation, visual data
mining etc. The most widely used descriptor is SIFT [8] du#ggaimplicity, robustness
to common image perturbations and excellent performanéieading visual correspon-
dences between images. It represents state-of-the-arhany of its variants have been
reported in the literature [4, 10], however these are maimyually designed modifica-
tions to strike different performance trade-offs. A di#fat strategy was introduced in
[14]. The idea is to break the feature extraction processsithple and parameterized
modules and then learn the optimal parameters of descsifianaximize their matching
performance. Extensive experimental evaluation repamntdds paper indicates the trade-
offs and the best set of descriptor parameters for matchiagés from different views. It
is however inconvenient to perform such optimization inrgy@ossible application sce-
nario. It requires large training set with a ground truth ethis not always available or
straightforward to establish. Furthermore the resultiagadiptors are high dimensional
which is one of its main issues in the context of large scapedrments. There are how-
ever effective solutions for similarity search in low dins@mal spaces [8, 11]. Standard
PCA has been widely used in the community to reduce the nuofliBmensions [4, 10]
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but the performance often dropped as well. Recently, a nddfbradimensionality reduc-
tion based on Fisher Analysis has been applied to local igsrs [3, 11]. It leads to
better results than PCA as it gives a set of projections tleatimmze inter to intra cluster
distances. Improved matching performance has been deratatsin [3] as well as more
efficient search in various tree like data structures in.[CHnsistent improvements in dif-
ferent test scenarios indicate that the method generaliegésvhich is crucial given the
wide range of applications of local descriptors. There iwdxer an important drawback
which makes this approach less attractive. It requiresitrgion large dataset with ground
truth. A large set of correctly matched features is usedtimese intra-class covariance.
While in wide baseline matching it is possible to establisique correspondences by
applying geometric constraints, it is much more difficulfital such correspondences in
object class recognition. The rigid transformations cafreoused here and very similar
features occur in different positions on objects of the saategory. We also observed
that there are no optimal general discriminant projectimns/arious data and various
application. The projections have to be generated througbet of data from a given
application to improve descriptor performance. It is caliéd perform it without using
ground truth.

The main contribution of this paper is an evaluation of twscdminant projection
techniques for dimensionality reduction as well as a gfsafer learning projection vec-
tors, which does not require data with a ground truth. We destrate theoretical equiva-
lence of the two approaches recently proposed in [3] andlingdtid investigate the practi-
cal differences. The proposed dimensionality reductiapediorms PCA, it is applicable
to various application scenarios and straightforward tplé@ment. We investigate differ-
ent regularization methods for providing stable projecttiectors. Finally, we perform
extensive experimental evaluation to demonstrate thatttbod brings improvement for
different applications.

2 Linear discriminant projections

In this section, we give an overview of linear discriminamjpctions defined in [3] and
[11]. The aim is to project a feature descriptor so that tlgguted corresponding features
get closer while the projected different features get farth projected feature space. We
defineX to be the feature space ahgto label feature correspondencks= 1 indicates
thatx andx; (xi,x; € X) are matched features, whllg= 0 indicates unmatched features.
In [3], a projective directioWV is designed to maximize the ratio of variance between
unmatched features and matched features. The solutioae getteralized eigenvectors:

W = eigenvectors' (B~1A) 1)
whereA andB are cmaafriance matrices of match%df feature differencesuanthtched
. 5] e
features respectivels = 3. _o(xi —Xj) (X —xj)", B= ¥}, 1% — Xj) (X —Xj) T
In [11], a linear projective transformation applied to SI&md termed M-SIFT in-

cludes two parts. The first is the inverse of the square roottcd-class covariance ma-
trix, which is used for whitening of the original feature spaThe second part is PCA of

the unmatched features¥hspace ¥ = {B-2x/x € X}):

P = eigenvectors' (B"2AB~2) . B2 )
In the remainder of this pap&h andP are used to refer to the linear discriminant projec-
tions presented in [3] and [11], respectively.



2.1 Equivalence

Although different methods are used in [3] and [11] to obthim projective vectors, they
have the same purpose which is to find an optimal projectiientation to separate the
matched features from unmatched features. They also usamtheinformation, which is
the covariance matrices of matched feature differencesianthtched features as shown
in equations (1) and (2). We demonstrate their equivaleadelmws:

Let R be a matrix of all eigenvectors & 2AB~ % sorted by eigenvalue magnitude
and letQ be a diagonal matrix of the corresponding eigenvalues:

B 2ABZ.R=R-Q 3)

1

Equation (3) can be multiplied bB~2, we obtainB~% -B-3AB-3R= B3 . RQ,
hence: “1p ool _1
B™“A-B"2R=BZR-Q 4
whereB~ZRis the eigenvectors & A, which means thal/ = eigenvectors’ (B~1A) =
(B2R)T=RTB"Z =P.

The equivalence of projectiofsandW is also verified by the theorem of simultane-
ous diagonalization of the covariance matrices. Y®tbe the projected feature spaces:
YP = {Px|x € X}.

Blyp = COV(P- (% —X;)),—1 = P-B-PT = RB"2BB 2R' (5)
SinceRis an orthogonal matrixB|yr = 1.
Alye = COV(P-X)ic (i, —o} = P-A-PT =RB 2AB 2R (6)

Ris the matrix of all eigenvectors tﬁr%AB‘%, thusAlyr = Q.

From the above equatiorBjs a linear transformation that diagonalizes two symmet-
ric matricesB andA simultaneously. According to the theorem in [1](p.32)andP are
the eigenvalue and eigenvector matrice®otA, which demonstrates th& equalsw.
Experimental results validate this equivalence. FigurédwsP andW for NG (nor-
malized grayvalue patches) and for SIFT features. Howewer,can notice a difference
betweerP andW in figure 1, for example in the third column of NG patches optiiged
vectors of SIFT. The magnitudes of the projective vectoffedi HenceP andW have
the same projective orientations only. If we decompBs® = @A@", we can express
projectionP as: . . s
P = eigenvectors' (B"2AB 2)-A"2¢" (7)
According to equations (7) and (B,not only rotates the feature space but also scales the
dimensions, whil&V only rotates the coordinates.RfandW are defined the i-th projec-
tive vectors ofP andW, then||R|| # 1 since/ # |, while ||W|| = 1 as these are eigenvec-
tors. The orientation defines the projection, thereforé@oty descriptors projected with
R andwW should give the same performance. However, in practice,lwgermve different
performances in particular in high dimensional spacess Biue to the insufficient data
for estimating covariance matrices, hence the smallengajees ofB are unreliable. A
little variation of small eigenvaluedsy of B brings on large changes to/ {/ Agails
which results in incorrect scaling of the feature space pitijectionsP. As we demon-
strate in our experiments, high dimension$gbrojected features are unreliable. On the
contrary,W does not scale the feature space, so the dimensions candisgdo small
eigenvalues are less affected. This property is verifiedémiatch matching experiments
in section 3.1.
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Figure 1. Projective vectors & W and PCA. Top: The first 20 projections of normalized
grayvalue feature. Bottom: The first 5 projections of SIFatfee. 69,000 matched pairs
from [13] are used for estimating the projections.

2.2 Covariance estimation

A crucial problem in computindg® or W is how to estimate the intra-class covariance
matrix B. In this section we introduce different methods for estioraaind regularization
of this matrix and discuss the impact they may have on thesptiojn vectors. In addition
to estimation from ground-truth data, we explore two way®stimate the intra-class
covariance matrix without the ground-truth.

Ground-truth data. In [3] and [11], the linear discriminant projections worked the
premise that a large amount of ground-truth data are useidtf@-class covariance es-
timation. Matched feature pairs are produced by bundlesadijent in images of 3D
scenes [13] and homography of image pairs [10]. Howeveg$timating the intra-class
covariance matrix, problem of insufficient data may occuhigh dimensional feature
spaces. In order to tackle this problem, two regularizati@thods are investigated.
Power Regularization is one of solutions to insufficient training data. The idetoise-
place a number of the smallest eigenvalue8poivith their maximum eigenvalue. The
fraction of replaced eigenvalues is controlled by parameteThis approach was used
in [3] for high dimensional features. Figure 2 shows theafté power regularization on
NG feature. The projections are very noisy if no regulartais applied & = 0, top row
in Figure 2). Whera approaches 100% thd®hbecomes an identity matrix multiplied
with a constant. In this casi#/ andP degenerate to PCAV = P = eigenvectors' (A)
(see the bottom row in Figure 2 and PCA in Figure 1).

An alternative covariance regularization, often used assification and recognition in
high dimensional spaces, is to combine the inter-classrimn@e matrix with the intra-
class matrix [12]:B = aB+ (1— a)A+ 1, wherea controls the mixing proportions.
This method however was marginally successful in our erpents. It seems the un-
matched feature covariance introduces incorrect biastandiscriminative character of
the projections is reduced.
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Figure 2. The first 20 projections of power regulariBghdW for the normalized feature.
Left: P, Right: W(From top to bottoma=0, 10%, 20%,...,90%). The same setting as in
Figure 1.

Simulated data. In order to approach the problem of insufficient or no grotnudh
data, we investigate possibilities of generating it aitifig. The idea is to simulate im-
age transformations from detected image patches. All tresformed patches produced
from the original one are considered matched. For simpligie only consider the affine
transform and image blurring. We first employ single transfations to find the optimal
parameters. Then we combine the transformations to simtliatreal changes. We also
show that this approach is successful for category recogrétzen though it is impossible
to model real image deformations with parametric transédgioms (cf. section 3.3).
Clustered data. An alternative way to generate matched patch pairs for cavee es-
timation is to cluster all patches without ground truth. Teatures in the same cluster
are considered as matched although in fact they might noWeeassume that nearest
neighbors based on the descriptor similarity are corredtineg and can provide suffi-
cient information to estimate the covariance. It is a strasgumption but it may lead to
better results in particular when used in combination wighgimulated data. We employ
the agglomerative clustering [6] to obtain the feature teltss It is a bottom up clus-
tering approach which iteratively finds the nearest featiumethe set and merges them
into clusters. In our implementation features whose distarare smaller than a thresh-
old are linked to a cluster. Smaller threshold results is fatse matches for intra-class
covariance, while larger threshold can produce more mdtéeature pairs. We select
a threshold according to distance distributions of realcmed and unmatched features
estimated on ground-truth data (cf. figure 3).

3 Experiments

We present three main experiments on normalized image gatohd SIFT descriptors.
The first experiment is measuring patch matching performaocompare the projec-
tions obtained from the three training methods discusséukeiprevious section. Second
experiment is testing the performance in the context of Weiageline matching. Finally,
we incorporate the proposed method into a scene recogsiitem. In all experiments
the performance of low-dimensiong} andW-projected features is compared with that
of PCA projected ones and the original SIFT features.



3.1 Patch matching

In patch matching tests, both the training and testing da&t@naage patches from Photo
Tourism reconstructions [13], with associated groundhtriffe randomly choose 69,000
matched patch pairs for training and 15,000 for testing.eNloat there is no intersection
between them. The nearest neighbor matching strategyrishigied to test the methods.
To obtain the grayvalue features we sample the originahgastto 32x32 pixels with bilin-
ear interpolation. Then all the patches are normalizedrtee@n and 1-variance to reduce
the effect of illumination changes. The SIFT descriptoss@mputed on unnormalized
patches directly.

Testson ground-truth data. We first estimate the distance distributions for matched and
unmatched features as well as for their projections WjttW and PCA, which are shown
in Figure 3 for SIFT features. The ratio of the intersecticgss between matched and un-
matched features for the original and the projected spaltiedtes the discriminability of
the projection. As is shown on the top of the figures, the g&etion areas of projections
P (0.021) and¥ (0.019) are smaller than those of PCA (0.024) and the ofid@zdure
(0.022). Similar observations were made in experiments griayvalue patches.

dimension:36,intersectio a rate:0.019334 dimension:36 intersection area rate:0.024394
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Figure 3. SIFT distance distribution: (left) P, (middle) (ight) PCA.

The nearest neighbor matching performance of projectedéd@ife and SIFT w.r.t.
dimensionality is shown in Figure 4(Patch matching). Coragavith PCA, projections
P andW improve the correct rate of NG by 4.5% for 32 dimensions an® &6 for
SIFT feature with 29 dimensions. For SIFT, the performarf¢de®projections increases
with more dimensions, while for NG the correct rate®&EndW decrease after a highest
performance at 30 dimensions. This dropping performarsogge to insufficient training
data which is a problem for high number of dimensions. We nfestihat the overfitting
problem is more significant for projectidh As we discussed in section 2.1, poor per-
formance ofP in high dimensions results from incorrect scaling of thetdea space by
small eigenvalues d?.

Power regularization of the covariance matrices (cf. sac.2) is often used to
overcome the problem of insufficient data and the matchimfppeance for this method
is presented in Figure 4(NG Regularization). Power regzdéion has little effect ohV
for both low and high number of dimensions. AsRpit little affects the performance of
small number of dimensions (47), while there is significamiovement for large number
of dimensions (457). When strong regularization is useel ntlatching performances of
P andW are equal to that of PCA (cf. section 2.2). In practice, smalthber of top
dimensions are used only, hence the power regularizatiesssmportant.

Tests on simulated data. In this test we randomly pick 23,000 unmatched patches and
5,000 matched patch pairs for training and testing. Theitrgiand testing sets have
no intersection. We have tested different ways of genegataiches and the best results
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Figure 4. Discriminant projection and dimensionality retion results for normalized
grayvalue patches and SIFT descriptors.

were obtained when each patch was transformed with a randorsformation. We use
affine transformation decomposed to translation, rotasoaling, skewing and squeez-
ing. For each patch, four randomly selected transformatioere applied with random
parameters from an arbitrarily set range of values, henextare 23000x 4 matched
feature pairs for intra-class covariance matrix. Figur8IBT simulation) displays the
results for combinations of the individual transformatioif he simulated® andW per-
form slightly better than PCA but are still lower than tho$gund truth data (G-T). As
shown in the figure, the differences between various conibimaiare small, in which the
three-combination including scaling (1.05), skewing@).aGnd squeezing(1.1) produce
the highest performance of 0.92 for b&landw. In the following we explore a different
strategy to model nonlinear changes in real images.

Tests on clustered data. An alternative method for finding matched features is to use
small similarity distance where the fraction of incorrecitohes is very small. We use
agglomerative clustering [6] to group the features intoahadtl clusters. We select a
threshold value for maximum cluster size from the intetisecof two distributions of
the matched and unmatched feature distances (see figuregxe B(SIFT clustering)
illustrates the results of clustering training. Though thestering data cannot reach the



performance of the ground-truth data, there is 1%-2% imgmmnt withP andwW com-
paredto PCA. Another strategy which is to combine simugpdind clustering ideas. After
clustering the original features, we simulate image chafgeeach cluster member. The
‘cluster+sim’ achieves a small improvement of 2% over theugid truth data.

The results presented in this section confirm the obsenafiom [3] although dif-
ferent performance measure was used there and the scorex directly comparable. In
our experiments however discriminative projections dobrotg large improvements on
the data from [13]. A possible explanation is that the omdjotescriptor already matches
correctly over 90% of the data and the remaining featurespatie outliers which are
difficult to model with linear transformations.

3.2 Image matching

In this section, we apply the discriminant projections tage matching. We test on
image sequences from the publicly available set [10] wittnbgraphy ground truth. The
local regions are first extracted from a pair of images by iddraplace detector which
achieved high performance in [10]. We then estimate tha iatrd inter-class covariance
matrices with the matched features produced by simulatidrchustering of the detected
regions.

We adopt the evaluation criteria from [10] which is the aredty a precision-recall
curve. The nearest neighbor matching is used to find the mdtigfatures in each image
pair, and verified with the ground-truth homography.

Testson simulated data. From the previous experiment, the best three simulategd-ran
formations are scaling(1.05), skewing(0.06), squeeidg@nd in addition we add rota-
tion(5) as 'sim1’. Each transformation produces 4 patchspaihich results in 16 matched
feature pairs for each region. Figure 4(Image matchingysttbhe average matching per-
formance with respect to the number of dimensions used. Tigeal SIFT, indicated
by the horizontal black line, serves as a reference. Whesaat 60 dimension is used,
the performance of PCA projected features reaches thaeadriginal SIFT. In contrast,

P andW yield higher precision-recall area than PCA and also stadtitperform the
original 128-dim SIFT with 20 dimensions only. The performa of P andW reaches
maximum after 29 dimensions. Harris-Laplace detector ®@fkdim P-projected SIFT
yields 3.9% higher precision-recall area than the origiT and 7.7% higher than
29-dim PCA-projected SIFT. We also experiment with the MSieRector [9], and we
observe the improvement fromandW(dimension: 29) by 2.6% and by 6.4% compared
with 128-dim SIFT feature and 29-dim PCA-projected feature

Tests on clustered data. The clustering method is adopted in the training stage in a
similar way to the experiment from section 3.1. All the imad®m each test sequence
from [10] are used to extract features, form clusters arichagt the projections. 29-dim
projections? andW improve the precision-recall area by 4.6% and 9.1% compartte
original and to the PCA-projected SIFT, respectively.

Generalization. We carry out another experiment with projection vectorged for
Harris-Laplace and then used with MSER for matching. PtemdW perform similar to
PCA and worse than the original features since the projestoe not adapted to the data.
Furthermore, the matching test is performed with projeiobtained from the ground-
truth data in section 3.1. Unfortunately tReprojected feature performs even worse than
the PCA-projected feature, which is shown as a square inr&igd(image matching).
These experiments show that the discriminant projectidap@to the data however we



found no general projections that would improve matchindggemance on any type of
data. Consequently, our strategy without ground-truttrigial for the applicability of
discriminant projections.

3.3 Scene Recognition

To demonstrate the properties of the proposed method ierdiit application scenario we
perform scene recognition test using a system similar tamtieeproposed in [2]. Given
a set of labeled training images the systems extract intpo@sts, computes descriptors,
from which it constructs a pyramid codebook with a kmeansteling. It then collects
occurrences of codewords on the training data and trainversis-all SVM classifiers.
Given a query image the features are extracted, comparéeé twotebook and classified
with the trained SVM. In our implementation the featuresextracted and we estimate
the projection vectors with simulating and clustering noeith We compare the results
with the original SIFT and the PCA reduced descriptor.

We experiment with 15-class database from [5, 7]. The erpanis are repeated
10 times with different randomly selected training imaged #esting images. In each
class, 100 images are used for training and the rest fonggstio reduce computational
complexity, only 5% of all regions are used to estimate mtigas with the simulating
strategy. Figure 5 displays the comparison of the averagegrétion rates of original
SIFT feature, PCA- an@-projected features. We also experimented with different s
ulating combinations which gave similar recognition rat@é higher than the original
SIFT feature and PCA, while four clusterings produce lowerfgrmance. Increasing
the clustering threshold slightly improves the score, Whiaggests that the main reason
for the lower rate is the underestimated covariance matrectd insufficient number of
clustered descriptors. However, further increasing otltiheshold does not improve the
results due to significant number of incorrect matches ircthsters. Compared with the
state-of-the-art rate of 81.4% in [5], our best result is5% for 20-dimP projections.
This is due to the fact that in contrast to [5] the spacial fimceaof features has not been
used. The recognition rate of 75.5% is 11% higher than 64.B%imed with original
SIFT and 10% higher than the best result of 65.2% from [7].

SIFT(128) PCA(36)] PCA(30) PCA(20) PCA(10) P(36) | P(30) | P(20) P(10)
64.4% | 64.9% | 65.1% | 64.9%| 65.7%| 74.8% 74.7% 75.5% 75.2%

Figure 5. Scene recognition rates of original SIFT featuet @rojected features(level=4,
branch=20). The results are averages of 10-runned expaisme

Conclusion and discussion

We have presented and evaluated methods to estimate liisedndnant projections for
dimensionality reduction of local image descriptors. Wepmsed a method to obtain
discriminant projections without ground-truth data in ttast to previously proposed ap-
proaches [3, 11]. Experiments show that the proposed giraiat only reduces the fea-
ture dimensionality, but also yields better results thadhginal SIFT descriptor and
PCA projected descriptors in various application scesaridur methods can be easily
applied to any other local image descriptor.

Extensive evaluation indicates different improvemenisetieling on the application.
In wide baseline matching where the descriptor variati@mstie modeled well with rigid



transformations the improvement can be significant. Weeselti small but consistent im-
provementin patch matching. The separation of matched andhtched features for this
data is already high with the original descriptors and tlielittle scope for improvement.
In the case of category recognition where the intra-clagabiity is high the gain is sig-
nificant compared to the original SIFT and PCA projected dpsars. In future work, we
will explore more complex simulation models including phoetric transformations as
well as apply the proposed method to improve fast searchige ldatasets.
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