Support vector machines ér 3D object recognition
(M. Pontil and A. \érri, "Support ector machines for 3D object recognitiofEEE Transaction
on Rattern Analysis and Mdnine Intelligence vol. 20, no. 6, pp. 637-646, 1998 (on-line))
f The problem

- Recognize 3D objects from appearance (i.e., no geometrical models).

f The approach
- Linear SVM are used for 3D object recognition (COIL-100 database).
- Images are garded as points of a space of high dimensionality
- No features arextracted and recognition is performed without pose estima-
tion.
f Preprocessing
- Each image s conerted to gray-scale (originals are RGB).
- Spatial resolution w&s reduced to 32 x 32 byenaging wer 4 x 4 patches.

- Each image is thus represented as@ar with 32 x 32 = 1,024alues.



f Training
- One SVM was trained for each pair of objects (COIL-100 database).

- The images corresponding to some of the suppmtiovs for a speciCEc pair of
objects are shvan belawv.

- The typical number of supporeetors found for each pair of objectasv
between 1/3 and 2/3 of the training images (72 images).

- The training stage tals about 15 minutes on a/8®RC10 workstation.



f Testing
- Recognition vas performed follwing the rules of a tennis tournament:
* Each object is garded as alayer.

* | n eachmatd, the system temporarily classiCEes an image using the SVM
associated with the mplayers.

* Suppose there ai€ pIayers,ZK' ! matches are played in the Erst round.

* The2X 1 winners are adnced to the ne round.

*Thek - 1round is the (Enal round which declares the winner (i.e., recog-
nized object).

* T his procedures requirds+ 2+. . .+2K°1 = 2% . 1 classicEcations.

- The test stage isevy fast (31 dot products need to be computed).

f Experiments and results
- The COIL-100 databaseas used in thexperiments.

* Contains 100 objects
* 72 images/object (sampledeasy 5 deggrees)

- Experiments were performed to test the failog:

* recognition accurac

* performance in the presence of noise

* performance in the presence of bias in tlggsteation
* performance in the presence of occlusion

- In each eperiment, a subsdtl from the 100 objects were considerdd Wwas
chosen randomly).

- Half images from each object (oneesy 10 derees, i.e., 36 images) were
used for training and the rest for testing.



Recognition accurgc

- N = 32in these gperiments/ 32 randonmxperiments.

- Perfect recognition accurgavas achieed in dl the experiments.

- Using a training set including the most @icult" objects (selected manually),
the system misclassiCEed awm a packet of cheving gum for another ery

similar paclet of cheving gum.

Performance in the presence of noise

* Zero mean random noise, uniformly distriied in the interal [- n, n], was
added to the grayalue of each pi.

* The analysis &s carried out using the "@cult" training set only

* Some noise &s suppressed by the 4x4i@aging ...

TABLE 2
ERROR RATES (€.R.) FOR COIL IMAGES CORRUPTED BY NOISE

Noise e.r. (32 objs) e.r. (30 objs)

+25 0.3% 0.0%
=30 0.8% 0.1%
£75 1.1% 0.2%
+100 1.6% 0.2%
+150 2.7% 0.7%
+200 6.2% 1.8%

+£250 11.0% 5.8%

The noise is in gray levels (see text).
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* Different spatial resolutions (8x8 to 128x128) were also tested using zero
mean random noise, uniformly distuiled in the interal [- 100, 100]

* Recognition rates increase with spatial resolution.

TABLE 3
ERROR RATES (E.R.) FOR COIL IMAGES CORRUPTED BY NOISE
UNIFORMLY DISTRIBUTED IN THE INTERVAL [-100, 100] AT
DIFFERENT SPATIAL RESOLUTIONS

spat. res. e.r. (32 objs) _-L"[-_(if()qu
§x38 2.8% 0.5%

T 16 % 16 2.1% 0.3%
32 %32 1.6% 0.2%
64 x 64 0.9% 0.1%

28 % 123 0.3% ~ 0.0%

Performance in the presence of bias in tiggsteation

- Each image in the most dcult test setas shifted byn pixels in the horizon-
tal direction.

- Spatial reyistration seems to bery important.
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Performance in the presence of noise and bias in girsnadion

Performance in the presence of occlusion

- Occlusion vas introduced in terdifferent ways:

(1) by randomly selecting a subwindan the test images and assigning a
random alue between 0 and 255 to thegisxinside the subwindo

(2) by randomly selectin@d columns andm rows and assigning a random
value to the corresponding pabs.

- The system seems to tolerate small amounts of noise.
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Example-based object detection in images by components
(A. Mojan, C. Rpageagiou and TPoggio, "Example-based object detection in images by compo-
nents", IEEE Transaction on Rttern Analysis and Mdxne Intelligence vol. 23, no. 4, pp.
349-361, 2001 (on-line))

f The problem

- Build a generalxample-based (i.e., appearance-based) frnaumkefor compo-
nent-based object detection.

- A component-based object detection system searches for an object by looking
for identifying its components rather than the whole object.

- The proposed system is demonstrated on the problem of detecting people in
cluttered scenes.
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f Applications and challenges

- Detection of people in images has mapplications including
* Surveillance systems
* Driver assistance systems
* | mage indging

- More challenging that detecting other objects dueuerakreasons:
* People are highly articulated objects.
* DifEcult to lld a single model that captures the shag@ation.
* People dress in aaviety of colors andayment types.
f The approach
- Four exampled-based detectors (implemented as SVM) are used to detect the
following four components of the human body: heads,ldéeft arm, and right
arm.
- The input to each detector are features based on the ldaedetwtransform.

- The spatial con(Eguration of the detected partdidated.

- An example-based classiCEer (implemented as a SVM) combines the results of
the component detectors to classify a pattern as either a "person™ or a "non-per

son-.

f Why using components?

- It dllows to combine the visual information present in an image with the geo-
metric information concerning the human body

- Often, it is difEcult to detect the human body as a whole duariations in
lighting and orientation.

- Can prwide tolerance to partial occlusions.

- Hierarchical classiCEcation schemegehaen shwn to perform better than
single classiCEers.



-9-
f Overview of proposed system

- Given an input image, a 128 x 64 windois difted across and @m the
Image, starting from the upper left corner

- To dlow detecting warious sizes of people, the image is processedvatase
sizes ranging from 0.2 to 1.5 times its original size.

- Each input windw is dassi(Eed as a "person” or "non-person” asisilo
* Apply the component detectors within the windo

* Each candidate body partgien is processed by applying the Haar
wavelet transform.

* A vector containing the awdet coefEcients is then classi(Eed by the com-
ponent detectors (quadratic SVM).

* The detector with the highest outpebponent sce) determines the
classiCEcation of the body part.

* The highest component score for each body part is fed to the combination
classiCEer (linear SVM) which determines if the input winidoa erson.



-10-

f First stage: identifying components of people

- The component detectors are applied only to speciCEc areas of the (umdo
approximate con(Eguration of body parts isMknand only at particular scales
(i.e., relatve proportions must match).

- These areas were determined from the training set based on geometric con-
straints for each component within a 128 x 64 widtraining images hea
been aligned such as people are in the center of the image).
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- A 32x32 windav is used for the head and a 48x32 windi@r the laver body
and the arms.

- The information in each windois represented by a set of Haaawdet coef-
(Ecients (582 cdgfcients for the head windand 954 codiEcients for thewer
body and the arms wind - see paper and ref. [16] for more details):

* They consider tvo scales only (8x8 and 16x16).

* They run the Haar transform (non-standard basigj each color channel
separately

- For each scale, tlgekeep the lagest vavdet coefEcient among the three
color channels.

- The wavdet coefEcients are fed to component detectors which are imple-
mented as quadratic SVM.

K(X, i) = (X. X, + 1)

- The component SVM are trained on pestend ngaive examples.
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f Second stage: combining component classiCEcations

- The highest response of each component detemtangonent scey is fed to
the combination classiCEer

- The component score is a rough measurementwf'a@ll" a test point (Ets
into its designated class (i.e., proportional to the distance of the test point from
the SVM lyperplane).

- The combination classiCEer is implemented as a linear SVM:

K(X, X¢) = (X. X, +1)

f Data sets

- The data set contains images of peoplenawith diferent cameras, under
different lighting conditions, and in f#rent seasons.

- There are images of people who are
* rotated in depth
*walking
* stationary (frontal and rear wies)
- The positve examples of the er body include images of
*women in skirts

* people wearing full lengthw@rcoats
* people dressed in pants
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f Training data

- The positve examples for the arms included arms atious positions in rela-
tion to the body

- The n@aive examples were tada from scenes that do not contain people.
- Number of positie/negaive examples used to train the component detectors:
* head detector: 856 posifi, 9,315 ngative
* | ower body: 866 posie, 9,260 ngdive
* | eft arm: 835 positie, 9,260 ngaive
* right arm: 838 posite, 9,260 ngaive

- Number of positie/negaive examples used to train the combination classiCEer:

* 889 positve, 3,106 ngaive

f Test set

- The proposed systemaw run on a database containing 123 images of people
to determine the detection rate.

- The system was also run on a database containing 50 images that do not con-
tain people to determine thal$e-alarm rate (796,904 winas).
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f Comparisons

- The proposed methodas compared with tovother methods:

- A method similar to the proposeditbwith the combination of component
scores being done throughting (voting-based combinatijn

* ClassiCEes an input as a person only if all componevesbhan detected
in the proper conCEguration.

- A full-body person detector (based on theivpes work).
* uses the Haar avdet too

* was trained using 869 pos# examples and 9,225 gdive examples

f Experiments and results

Compare component detectors with full-body detector

Compare drious methods
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Performance under occlusion and clutter
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f Extensions

- Learn the geometric constraints to be placed on the components of an object
from examples (some preliminary results are presented in section 3.3).

- Build more sophisticated systems where the important components of an
object are learned too.
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Gender ClassiCEcation with SVM

(B. Moghaddam and M. ahg, "Gender ClassiEcation with SVMEEE Confeence on Bce and
Gestue Recanition, pp. 306-311, 2000 (on-line)).

f The problem

- Visual gender classiCEcation fraand images.

f The approach
- Use SVM to learn and classify gender from géaset of images.

- Low resolution, hairlessate image are used.

f The dataset

- 1755 images (1044 males and 711 females) from the FERET database were
used in the xperiments.

- The face images were normalized (i.e., feature alignment, hairvaeétmo
through masking) and their resolutiomsweduced to 21 x 12.
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f Training/Test sets
- They created 5 train/test sets randomly
* The number of training patterna®/1496 (793 males, 713 females).
* The number of test patterngas259 (133 males and 126 females).

- The average error \as estimated for each classiCEer tested.

f Other methods used ér comparison

- The proposed method based on SVilsveompared with the follang meth-
ods:

(1) Radial basis functions
K .
g(x) = Sw;G(x; naubi,s;) + b
i
(2) LDA
(3) Linear classiCEer (Gaussian densities, savagamceS, equal priors)
_ 1 ta-1
6,(x) =~ 5 (x- m)'S*x- m)

which can be written ag; (X) = WX + Wig

(4) Quadratic classiCEer (Gaussian densitieferelit cowariance matrices
S; andS,, equal priors)

1 ] 1
gi(x) = - > (x- m)'S H(x- m)- > In S|
which can be written ag; (X) = X'W;X + W;X + Wjq

(5) Nearest neighbor classitEer
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f Results

- The number of supportectors found by SVM as about 20% of the training
data.
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f Comparisons with human perbrmance

- 30 subjects (22 males and 8 females) participated inxperenent with high
resolution images.

- 10 subjects (6 males and 4 females) participated inxgeregment with lov
resolution images.

- All subjects were agkl to classify the gender of 25cEs.

- Faces misclassiCEed by SVM were almostya misclassiEed by humans as
well (the corerse was not true).



