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Abstract — This paper presents a fast and viable method of
painting image retrieval. The painting is first isdated using edge
detection and region counting. We use perspectiveansform and
eigenimage analysis to select the desired image.

HIS project provides a reliable technique whict

recognizes paintings, on display in the Cantor Aenter
at Stanford University, based on snapshots taketh @i
camera-phone. Such a scheme would be useful aopart
electronic museum guide: users would point theimea-
phones at a painting of interest and would hearncentary
based on the recognition result. The method wepareiding
strikes a balance between efficiency and accurang, is an
attractive alternative which is specifically taiar to the image
set we are given.

INTRODUCTION

We are given 33 painting photos from the CantorsArt
Center. These 2048x1536 24bits-per-pixel RGB jpempded
photos were based on snapshots taken on with aragrhene.
We know several things about the images from the: st
1) The frames on the paintings will be included tire
photograph, which can provide us a benchmark fgeed
detection.

There are only these 33 images in the datafdse gives
us a very restricted set by which we can do soreaking

to customize our algorithm to this small dataset.

The desired painting may not be the only feaiar¢éhe
photo. There maybe objects at the side, for exampl
snippets of other paintings or text box descrigiowe
need a way to extract the painting and filter olit a
extraneous features.

EXPERIMENTAL SETUP

2)

3)

Ill. ALGORITHM DESCRIPTION

A. Edge Detection and Corners Detection

Edge detection and corners detection methods ha
similarities: both make use of discrete differetiia operators

@)

(b)

Fig. 1. Result of our edge detection, region limigehnd isolation algorithm (a),
then overlaid and cropped with the original (b)d &ime original photo is shown
in (c). Note: these images are not to scale.



to calculate local gradient changes. Thus, in otdenaximize
the program efficiency, one option is to merge edggction
and corners detection.

First we blurred the input images (and also thénitng
images) with a Gaussian filter in order to remowms of the
noise. We then applied a Roberts edge detectochvgives us
binary images with the detected image. The edgectist
mainly detects the frame, since it is the most remtéd part
that distinguishes the painting from the wall. Wert dilated
and eroded the image to connect the disjointeddagments
together.

After we get our edges our largest region algoritam
applied by using region counting and region
techniques. We assume that the painting will be riast
significant object in the photo and thus have tirgdst area.
After doing this, we will basically get a quadrésal frame,
and then we did corners detection on this (seelfig.

Our corner detection algorithm takes the point witie
smallest "city block" distance, which is verticastdnce plus
horizontal distance, to each of the four matrixness. We did
note that the absolute x-y distance is incorrectcémtain
perspective cases, thus we chose to minimize titye Block"
distance. There are cases where two corners majober to
one of the matrix corners, but these are a higldtoded that
we assume will not occur.

We first calculate our corners, then contractedittieege to
contain just the frame. After extracting the reld@vinage and
corners, we did a perspective transformation ¢seé Fig. 2).

In our functiongetcorners we obtain the four corners of the

painting. Then we do the following mapping:

Top Left Corner
Top Right Corner
Bottom Left Corner
Bottom Right Corner

(0,0)
(1000,0)
(0,1000)
(1000,1000)

The projective transformation is defined as

1 =T-l y
W

S < c

Now we make a few assumptions:

Ly G, U
T'= Ly Lo lps

t3,1 t3,2 t3,3

u
U:—I

W

Vl
v=—

=

lalgelin

Fig. 2. Result of our perspective transform onisalated picture (see original
image in Fig 1c).

Solving the above we would get

- tl,lX + tl,Zy + t1,3
t3,1X + t3,2y + t3,3

- t2,1X + t2,2y + t2,3
t3,1)( + t3,2y + t3,3

which would yield the new points after the transfor

B. Eigenimage Analysis

The eigenimage technique is based on linear projectf
the image to a low dimension feature face [1].skaiprincipal
components analysis, which is basically eigenvector
decomposition and then discarding the insignificant
eigenvalues. Since the size of the matrix is tapfbi efficient
eigen-decomposition, we use the Sirovich and Kimmthod
for decomposition. For our project, we used a "riedi
eigenimage method." We use 3 images for each of3the
classes. The first image is the painting withoat tame, the
second image is the painting with the full framed ghe third
image is the painting with a partial frame. Thiss@es
maximum correlation with the desired image shouldr o
corners algorithm not get the full frame. The theds as
follows:

We need the eigenvectors of the correlation ma®$X,
however we only need 33 X 3 = 99 linearly independe
vectors to form our space. Instead of considerig, Sve
consider 8S which has rank 99. At the end, we simply



multiply S to the eigenvectors obtained to getdlgenvectors
of SS'. Although the number of eigenvectors we get isthet
complete set, we will not need all of them, buttjtise

significant ones to create our projection spacgefgpace).

When we get our image, we do the painting extractic

described earlier and then project the result anpoajection
space. We then sum the coefficients correspondirighages
in the same class. We would then compare the profec
coefficients we got with the summed coefficientstioé 33
images. We used the ynorm comparison (Euclidean
distance).

In order to speed up execution of our code, weestdhe
projection space we created with the 99 trainingges into a
MAT-file and load it when we need it. The MAT-filgtoring
the projection space vectors have a relativelyelaige, which
may be a drawback in a real application. Howevestd is an
easy way to overcome this. We can use the DCTeD#iT to
dimensionally reduce the pictures before performiing
eigenimage test. However, for accuracy in this gubj we
decided to use the images in its entirety.

C. Difficulties and Our Solutions

Fig. 3. Distribution of run times from our givef &aining images.

images taken with a digital camera. However, thédded less
accurate results since spectral decomposition isialye
dependent on image quality too, so it would makeensense
to use image of the same quality in our training se

Haralick Corners Detector We programmed a Haralick
corners detector function and ran it on our trajniset.

ShadowsThis is the biggest problem that we faced. I\/l"’m)Llowever, the results were not reliable. This isavse what

shadows were dark enough to contrast sharply Wwihcblors

of the wall. The edge detector might pick it up aodr

program might misinterpret it as part of the fraitself. We

overcame this problem and vastly increased acculacy
including three sets of pictures in eigenimage yaist picture

alone with no frame, with the full frame withoutestow, and
the full frame with shadow. Extreme shadow casash @as

long shadows with sharp edges, made the projectidnes

between different images closer, but our algorisiith picked

the correct image due to the size of our trainigty s

the Haralick corners detector does is to use aigmadperator
to calculate the horizontal and vertical gradiend ahen
compute the normal matrix to determine if thereaisharp
edge in a certain window. However, this is harddatrol well

as there may be locations where gradient changesteep but
no corners are present.

Radon TransformOnce we obtained the frame, we could
use the Radon transform to try to obtain the equoatiof the
edges as lines. Using these, we could get the obhased on
the edges which would be quite robust. Decidingcivhuf the

Dilating and eroding in some cases, the edge detectionnes was which edge, however, was not trivial. jBimtaking

yields faint edges, and thus our structuring eldmesuld be
too small to connect the edges leading us to gitgle edge
of the painting. Big structure elements, howeverndt work
for overly contrasted images that may have morsenoear
the edges. These images would have their framaddition to
addition nearby unwanted objects connected to thesrto the
big structuring elements. Thus, we did "dynamiaitiring
element resizing." When the dilation fails to cottnparts of
the painting frame together, we would get only pafrtthe
frame, which would mean that the size of our exe@émage
would have a "bad" aspect ratio. By "bad" we mdaat the
image extracted may be either too flat or elongatead
usually, this will happen when only part of the nie is
extracted. We manually found an aspect-ratio thoielsbf [0.5
1.9] for our training set. Anything that falls oigts this range
would be continually passed through edge detectidth

increasing structuring element size until it fallsthin this

threshold.

D. Attempted Alternatives

the biggest values of our Radon space may yieldipheilines
for one edge. Other methods that we tried for tgajathe four
edges were complex or unreliable.

Color Histograms As a preliminary identification step, we
wanted to use the fast and relatively scale innamaethod of
histograms with color coherent vectors (CCV) [J].[CCVs
divide each RGB color pixel into two groups: thdkat are
"coherent" meaning that they are in a 8-neighbagiore
greater than area t, and "incoherent" pixels thatret. This
was not as reliable for a top 1 answer primarilg dw drastic
changes in illumination and varying sizes of thetueed
frame make it. From our experiments with the tragnset, we
can get up to 78% accuracy for a top 1 answer, 98%
accuracy for the top 7 list. However, as we impcbhwaur
eigenimage analysis, this step was not necessary.

Scale Invariant FeaturesSSIFT or SURF would be the most
robust and reliable way to approach this problemt, e
abandoned the idea because the complexity and ¢atignal
intensity were unnecessary. There are only 33 ipg®itwith

Various ResolutiondJsing better resolution pictures in our'estricted features and so in order to get timengay we

eigenimage training set: We tried using higher igp#édaining

found it more expedient to just tailor our algomitho the 33



images. [4], [5]

E. Performance Analysis

Our algorithm'’s runtime is fairly consistent withmeean run
time of 10.6 sec and a standard deviation of 3c5 Bkere are
some outliers with greater than 20 sec run timéschware due
to longer perspective transforms (see Fig. 3).

The main bottleneck is in the perspective transfofimis
portion took about 80% of the processing time. $eeond to
fourth longest-running functions were edge detectiand
image resizing, and eigenimage analysis respegtivel

Our algorithm's scoring has a wide distributiorpinjection
values. This can be attributed to varying levelsarffidence
and differences in each painting's eigenspace Uemegss." A
lower projection value indicates a better match foe
resultant answer from our algorithm. One paintihgttwas
difficult to analyze consistently had a high praiec value.
We also plotted the difference in projection vahstween the
top two answers produced from our algorithm. Thas de
considered another measure of how confident therighgn is
in its answer (see Fig. 4). The greater the diffeee the more
sure we are that our answer is correct.

We ran our algorithm on the training set of 99 iemgiven,
and we obtained 100% accuracy. We also ran it eerak
images we created, and most were successes. Taidaited
were the ones that had extreme perspective transfar
contrast levels, which would never occur with asoemble
user or museum environment.

IV. FUTUREWORK

With the limited amount of time to implement thisopect,
many other topics still can be explored. Below possible Fig. 4. Distribution of projection values from eigmage analysis (top) and
. ¢ topics that ted to i tigat distribution of the projection value differenceween the top match and
experniments or topics that we wante ) 0 Investigate second match from our eigenimage analysis (bottom).

1) To make edge and corner detection more robustould
use color information, spatial location, and Bagasi
probabilistic methods to remove shadows. By renmvi
shadows, we can more accurately pick corners a
improve distinct projection values.

2) We can add more images to our classes to impttowe
accuracy of the detection. Perhaps images of difter
illuminations, contrasts, or frame sizes.

3) Joint histograms are actually multidimensioriatdgrams
which uses other picture features besides coldks, |

; ; ; [1] P. Belhumeur, J. Hespanha, and D. Kriegmargégfaces vs.
gradlent.magthd.e' FeXture etc. We may be a.llsm.den Fisherfaces: Recognition Using Class Specific LirRrajection,"IEEE
using this to capl_tal_lze more on the color inforimat Trans. Pattern Analysis and Machine Intelligened. 19, no. 7, pp.
provided by the paintings. [6], [7] 711-720, 1997.

4) We can also improve the speed of our program @j G. I_Dass and R. Zabih, "Histogram refinemgnt:ﬁmtent based image
retrieval,” inProc. IEEE Workshop on Applications of Computer

pwere more relevant and reliable. We see that thengnage
Ij,mplementation is fast and very accurate. Becatdists @asy
implementation and quick runtime, it can be easily
implemented on mobile devices such as handphonimwti
much overhead. Our algorithm can be also expandetkal
with more complex computer vision problems.
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B. David Lau
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from test results
Testing and implementing the CCV algorithm
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