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Abstract — An alporithm i deveboped and implemented o
recognize paintings on display al the Cantor Arts Center baged
o snapstwds taken with a camera-phone. The (raiaing inkges
were wsed Lo ereate a database of low dimensional lisher images.
The image processing was carried oui in three sieps. First, ihe
training imapes were gray scaled and down sampled from the
high resolution color patlerns while preserving the key leatures
The images were also adjusted for braghiness by normalization.
Secomd, the fraining images were segmented o dentily edges
corresponding io the frames of the paintings. The hcation of the
frames of the paintings was wsed o crop and resize the raining
images o 2 consisient scale. Finally, the traming images were
transfornved 1o a lower order database wsing Fisher Linear
Diseriminant (FLD) transformation. The test image i compared
against the database wsing Euclidean distance mearest neighbor
similarily malching. The algorithm demonsiralied reasonably
pond compalational elflicency and accuracy.

This alporiihm was developed as pari of the project
requirements for EEMS class at Stanford University. The
algorithm was selected by trading off the computational and
accuracy requirements for the project.  The oode was
vnplemented o Matlab™ version 6.5 using the lmage Processing
QTR

This work could be useful 3= part of an elecironic musewm
pubde wherein the wsers would point their camera-phone sl a
pamting of interesd and would hear commentary based on the
recogmilion resull
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LINTRODUCTION
:[u.u:u-'. RECOONITION i5 a complex problem duc to the difficulty
in recognizing and matching image features in the presence
of vaniable orentation, illumination, and scale among other
things. Additional complexity 15 involved in the casc of

rccopgnition of paintings because no two  paintings  arc
fundamentally alike unlike faces where certain facial features
(c.z. nosc, cyes) tend tw be similar between  different
individuals. The applications for image recognition arc
numcrous and growing. For cxample, an clectronic muoscum
ouide could be envisioned where the wser would point thelr
camera-phone at a painting of imerest and would hear
commentary hascd on the recopnition result. Such  an
application would involve processing of the imapge and
comparing with a known databasc of library images. The
images could vary from paintings, art displays to historical
displays such as World War Il artifacts. The matched imagc
could provide the user the relevant audio-vispal information
about the imape at hand. Applications of this kind arc usually
referred to as “augmented reality” applications. Implemented
on  hand-hcld mobile devices, they are called "mobile
augmented reality.”

The task of the project |1] 8 o focus on the imapge
rccognifion part of the abowve applications. Photographs were
taken in the European Callery of the Cantor Aris Center in
California. Three photos were taken of cach of 33 paintings.
The photos were taken with a Nokia NY3 with a resolution of
3 moga pixels. The paintings did not represent any contain type
and included portraits as well as landscapes. An image
recognifion algonthm will perform the necessary processing
on the “training” imagcs such that a new image from the same
sct of paintings could be dentified accurately
computationally cfficicnt manncr.

ILALGORITHM DESCRIFTTON

AALGORITHM SELECTION

A litcrature scarch was performed to identify the maost
rclevant image processing  algorithm. A larpe body of
litcrature cxists for image processing related o face
rccognifion |2-3). The most cited alporithms include the
cigen-faces or fisher-faces method that adopt Principal



Componcnts Analysis (PCA) and Fasher Lincar Discriminant
Analysis (FLD). PCA technigques, also known as Karhuncn-
Locve methods |2], choose a dimensionality reducing lincar
projection that maximizes the scatter of all training images. A
drawhack of this approach 15 that the scatier being maximized
% due not only to the between-class scatier that is uscful for
classification, but also to the within-class scatter that, for
classification purposcs, is unwanted information |3]. Fisher's
Lincar Discriminant (FLLD) |6] is an cxample of a class
specific method, in the scnse that it tnics to shape the scatier in
order to make it more reliable for classification. This method
sclects a transformation of the raw images such a way that the
ratio of the between-class scatter and the within-class scatter is
maximized. Both FLD and PCA methods are not invarant to
image alisnmicnt and scaling | 7). Hence, preprocessing would
be involved before applying these methods. More recently, a
morc robust approach has been developed for feature
pdentification. The Scale Invariant Feature Transform (S1FT)
algorithm |¥] detects key features that are invariant to image
scale and rotation, and are shown to provide robust matching
across 4 substantial range of affine distortion, change in 30D
vicwpoint, addition of noise, and change in illumination.

The simplest alporithm that can be chosen for this particular
problem is to do a necarcst neighbor scarch of pair wise
corrclation of the image with cvery image in the training
database. (dbviously such an algorithm will require very high
computational space and may be too sensitive o disturbances.
Sclection of the mage processing algonthm  mvolved
consideration to the following clemenits.

1. The images presented challenges
due to low-light conditions. The
algorithm had to adjust for
illumination and brightncss.

b. The images were taken with a hand held camera and
were quite noisy and motion blurs andfor defocus.

c. The alporithm had to be imvariant to rotation or
alignment, and scaling as the images were taken from
different vantage points and oricntation vicws.

d. The algorithm had to be computationally incxpensive
as the turn around on matching had o be on the order
of less than a minute.

A SIFT bascd image recognition method [8]) wouold
automatically cover a — c. However, the algonthm is patented
(not readily wsable in a commoercial sctting), and is not
computationally cfficient in Matlab without the usase of
cxtemal interfaces such as MEX files, comparcd with other
available methods. (On the other hand, FLIDY approach scemed
to be computationally very cfficient and academically frec to

usc. Bascd upon the discussion provided in [ 1], FLD secmed
mare relevant than PCA. However, both those algorthms arc
to scalimg and alipnment and  hence
preprocessing would be required before applying the FLID
transformation.

not invanant

B PRONCEDURE

The proposcd algorithm is made up of three steps. The step
wise procedure is described in Figure 1.
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Figure I: Step-wise mage Processing Algorithm for detection

of paintings

In the first step, the raw training images arc pre-processed to
account for the variations in lighting, noise, blur and scaling.
Also, images are down sampled in order to reduce the
computational time. In the seccond sicp, the imapes arc
decomposcd imitially based upon the PCA method (Karhunen
Locve Transform — KLT) to a reduced order dimension. This
step avolds singulanty of the within class scatter matrix in
FLD. Subscquently, the reduced order images are oscd to
compuic  the transformation matnx  wsing  the FLD
transformation approach. The transformation is applicd on the
training images and the reduccd order training images arc
stored in the datahase for similarity matching. In the final step.
the test imapes are processcd using the similar approach
identificd in the first step,  transformed  osing  the
transformation matrix dentificd in step two, and finally
comparcd with the reduced order image database using the
ncarcst neighbor Euclidean distance similarity matching
mcthod. The algonthm s coded in Matlab™ wersion 6.5,
Commands from the Image Processing Toolbox within the
Mailab library are uscd heavily in this algorithm.

CAMAGE PRE-PROCESSING
I Woonvert to Gray Scale
The training images obtained from the library were in the in
the form of RGB amray. The image 15 converted into gray scalke
with pixel values depicting intensitics between (0 to 25350
Figurc 2 shows one of the onginal paintings in gray scale. The
oray scale image retained the key features of the color imapes
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without compromising the cfficiency of the algorithm. The
gray scale image has significant computational advantage duc
to lower storage requirement.

Figure 2: Gray-scale image of “The Resurrection™.

2 lDowm Sample

The gray scale image is then down sampled to 15% of the
original image size. This step was performed to avoid the
computational burden of a high resolution image on a desktop
PC. As will be described below, the KT method involves the
calculation of covariance matrix. Such matrix multiplication
opcrations were found to be computationally cxtremcly
cxpensive cspecially on a desktop PC. With regard to the
objective of this work, it was found that a down sampled
image retained the features o a sufficient level provided the
correct down sampling scheme is adopted. In this work, the
image was down sampled using a bilinear intcrpolation. Figure
3 shows onc of the paintings down sized by a factor of (L15
using the bilincar interpolation.

Figure 3: Down sampied version of " The Resurrection”™

A visual inspection of Figure 3 shows that the down
sampled image has retained the key features of the original
imagc.

S Wormalizalion

In order to climinate differences with regard to contrast and
brightncss, the images are normalized using a dynamic range
cxpansion. For example, if the intcnsity range of a gray scale
image is 30 to 1'M, then the pixel values are first subtracted by
30 and then scaled by a factor of 255%™ in order to achicve
normalization from 0 to 255, Figure 4 shows image “The
Resumrection” after normalization.

Figure 4: Normalized " The Resurrection” image.

4 Mzodation of the painting

This is onc of the most important steps in the pre-processing
algorithm. The original images were taken at different vantage
points. Sec Figure 5a and 5b for two images of the same
painting taken from a different distance and angle from cach
other. Clearly, the images could possibly contain the paintings
as well as other background information such as comers in the
huilding, clips of other paintings or objects. First, the key
cdacs in the images arc detected using an cdoe detection
algorithm. In this work, the canny edpe detection alporithm is
uscd as it optimizes the ability of several types of cdge
detectors and also demonstrates invanance o noise. The
maskcd image with cdpes s then dilated wsing a structuning
clement of a 3x3 matrix of ones in order to clearly scement the
cdges of the painting. Note that the cdges of the painting arc
basically thc frames of the paintings. Sccond, the edpes
corresponding to the frames of the paintings arc used to
scgment the painting itsclf from the rest of the background.
This is performed using a simple scgmentation operation using
labcling. Figure 5¢ and 5d show the scgmented images aficr
cdae detection and labeling.



