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Abstract the size of the training set increases.

Recognition is based on a sequence of video frames
A new approach is presented to vehicle-class recognitiontaken by a single calibrated camera. In the experiments for
from a video clip. Two new concepts introduced are: this paper, vehicles were observed on a straight street, and
probes consisting of local 3D curve-groups which when pro- the aspect seen varies but is largely the side with a bit of the
jected into video frames are features for recognizing Mehic  front. More generally, the system is designed to recognize
classes in video clips; and Bayesian recognition based onvehicles at arbitrary aspects and distances. The more as-
class probability densities for groups of 3D distances be- pects seen of the vehicle, the more reliable will be the clas-
tween pairs of 3D probes. The most stable image featuressj cation. Ideally, these aspects, e.g., front and side l&fou
for vehicle class recognition appear to be image curves as-be seen by one camera, but using different aspects seen by
sociate with 3D ridges on the vehicle surface. These ridgesdifferent cameras, e.g., back, top, is also ok. There are two
are mostly those occurring at metal/glass interfaces, two- concepts that are key to this paper. First is that recogni-
surface intersections such as back and side, and self occludtion is based on probes which are local 3D ridge structure
ing contours such as wheel wells or vehicle-body apparentas seen in images, i.e., the projection of this 3D structure
contours, i.e., silhouettes. There are other detectabfe su into the 2D video frames is what is seen and provides the
face curves, but most do not provide useful discriminatory basis for the recognition. Desired recognition accuracy ca
features, and many of these are clutter, i.e., due to re ec- not be achieved with one image framghe importance of
tions from the somewhat shiny vehicle surface. Models arethe 3D probe model is that it provides the mechanism for
built and used for the considerable variability that exists ~ coherently and accurately combining the information from
the features used. A Bayesian recognizer is then used for sequence of video frames, each frame being a view of the
vehicle class recognition from a sequence of frames. Thevehicle from a direction which will differ slightly or grelgt
ultimate goal is a recognizer to deal with essentially all from those of the other frames. Second, recognition takes
classes of civilian vehicles seen from arbitrary direcpn  place on the joint 3D probe geometry that is estimated from
at a broad range of distances and under the broad range of the sequence of video frames (i.e., is consistent with the se
lighting ranging from sunny to cloudy. Experiments are run quence of video frames). In the present system, this recogni
with a small set of classes to prove feasibility. This work tion is implemented by having a class probability distribu-
uses estimated knowledge of the motion and position of thetion for groups of distances between pairs of 3D probes for
vehicle. We brie y indicate one way of inferring that infor-  each vehicle class. In essence, then, recognition is based o

mation which uses 1D projectivity invariance. 3D structure estimated from a sequence of images, but in
the system in this paper, the recognizer uses a class distri-
1. Overview bution for this geometry, and the geometry recognized is for

groups of distances between probes, thus being invariant to
We design a vehicle class recognizer with the ultimate goalthe a priori unknown local origin for the vehicle model and
of close to 0 probability of incorrect classi cation provid  being resistant to missing features due to partial occlaosio
ing the vehicle geometry supports such discriminabilite W The camera is assumed to be calibrated, both internally
emphasize that the preliminary classi er in this paper was and externally, i.e., its position in the world coordinags-s
applied to only three classes of vehicles -sedans, minjvanstem is assumed known. Important to fast recognition is the
and SUV's, and produced 12 incorrect classi cations in computation of a bounding box for a moving vehicle. This
testing on 99 vehicles, with essentially all errors in mini- is the smallest rectangular solid that encloses the vehicle
van/SUV classi cation where the vehicle classes look very and is such that the box bottom and top are parallel to the
similar, but the general design concept should be appkcabl road. Also, there are some points in the scene, e.g., points
to much larger number of classes and better accuracies asn the roadway whose positions are known. Hence, box



dimensions and position within the world coordinate sys- spect to road so that view variability (scale, aspect)is es-
tem can be estimated fairly accurately - certainly to within sentially non existent, and recognition is basically nstare

a foot, and box orientation to within a few degrees. There is neighborhood in all cases [2] [3] [4].

enough uncertainty in box dimensions and box position and  The current work represents consideration of the next
orientation that we do not want to count on the box to give level of dif culty and effectiveness. The hypothesis being
us a highly accurate local coordinate system for the vehicle examined is that the use of 3D features, extracted from mov-
(In addition to the accuracy uncertainties mentioned in the ing objects, can provide more discrimination between simi-
preceding sentences, the road has a crown, so the boundinkar generic categories while maintaining invariance towie
box will exhibit a bit of roll with respect to the local verti-  point. Also, we emphasize again that estimating 3D features
cal.) High accuracy is not an issue if the system is to distin- is not done by matching invariant interest regions across
guish among motor cycle, garbage truck and sedan, but it isframes — there is too much clutter and variability. Rather
most de nitely an issue if the system is to distinguish also we project a hypothesized 3D feature into image frames and
among sedan, SUV, and minivan, and do so at error ratesdetect it simultaneously coherently.

of the order ofLl0' 2 or less. However, box dimensions, po-
sition and orientation is good enough to provide some use-
ful information on location of vehicle front surface, heigh
and width. Ultimately, vehicle-class classi cation acaay

is desired to be on the order @0 3, and the goal for the
number of vehicle classekis large - essentially all classes

of civilian vehicles - e.g., sedans with trunks, hatchbacks
SUV's, minivans, ambulances, police cars, garbage trucks,
tow trucks, backhoes, school buses. The initial system can
handle a certain amount of partial occlusion, and if vehi-
cle bounding boxes can be estimated, the system can han-
dle video frames containing more than one vehicle. What
makes this problem dif cult is that illumination varies, ve
hicles are in motion, vehicle surfaces may be very shiny, in
which case the image of the vehicle is the image of what
is seen in a mirror of nonplanar shape, and if the vehicle
is black (whether or not shiny), potentially useful feature
in the images may be present in some frames and absent in
others. Hence, the vehicle image data is highly variable and §
unstable and vehicle-image gray-level is not of much use..
Probably the only photometric property of use in general
for purposes of vehicle class recognition is whether or not
an edge, i.e., an intensity discontinuity is present at alpix
As a result, we base recognition on intensity edges that are
portions of curves. Fig. 1 is an image of a dark shiny vehi-
cle. Fig. 2 _contalns two images, of a different dark vek_ncle, 2. Block Dia
each of which shows output of an edge detector - one image .

for high threshold edge detection and one for low threshold ognizer
edge detection. There has been signi cant progress over the_ . _ .
last few years in learning generic categories from examples Fig. 3 S_hOWS Block D|agr_am of Vehicle Clas_s Re_cogmzer.
e.g. [1] [5]. The general approach is to learn statistic-re The_ various blocks are discussed and speci ed in the fol-
tionships between 2D features that are salient to decide gen/©Wing sections. , ,

eral classes such as cars, bicycles, faces, etc over adimite A brief Qescrlpyon of the bIQCk d!agram IS th_e follow-
range of viewpoints. However, the prior work has mostly ing. The single wdeg camera is callprated off line. A se-
focused on classes that are reasonably separated in shapgéjence of N frames is taken O_f a vehicle. Curve segments
and other attributes where one would expect that consider- ased on Canny edge detection are detected and tracked,

able in-class variation can be tolerated. There has also beeand based on the_se the _vehlc_le Is tracked anq a smallest
effective work on vehicle class recognition, some based onrectangular bounding box is estimated, thus providingerud

images and some on LIDAR. The former have been mainly dlmepspns, pth|t|f0r;]s ol\fl t'he veh]:cle frongandlre_lrzl;, and ori
restricted circumstances- camera in xed position with re- €ntation in each of the N image frames, Box 1. Then curve
segments and curve segments detected at a lower threshold

Figure 1: A dark shiny car

Figure 2: High/Low threshold curve segments

gram of Vehicle Class Rec-



probe into a subsequence of N video frames, and checking

(Box 1) Camera (Box 2) Edge (Box 3) M-Probes . . ey - .
111z, .. Calibration Detection: detection/ | for appropriate image edge structure within the projected
Bounding Box 2 Thresholds 3D-Location - cylinders. We use N images because images are too unsta-
i i Level Estiamti .
Estimation - Sramen ble and contain too much clutter to get usable probe detec-

tion/estimation in single images.

(Box 4)

te—— | Class 1 Discriminant
(Box 5)

Vehlcl_e Max ¢ | Class 2 Discriminant
Class j*

Selector

l«—— | Class J Discriminant

Figure 3: Block Diagram of Vehicle Class Recognizer

are estimated in each frame. The low threshold is to ensure
a suf cient number of curve segments from which to detect
and estimate positions of features to be used in the vehicle
classi cation, Box 2. Probes, which are functions of local
curve segments and are useful features for vehicle classi
cation are detected and their positions estimated. A family
of M Baby Boxregions is speci ed within a bounding box,
and a speci c probe-type is searched for in each region, Fig.
14. A probe may or may not be present in a speci c region.

Figure 4: Some 3D probes projected on image

The use of probes is important because as mentioned pre-
_viously, images being used are extremely noisy, unstable
because of the prevalence of specular re ections, and con-
tain lots of clutter. Probe detection and position estiorati
is based on oriented edges in images. The edges we use
have been linked into curve segments, and are due to 3D

Since the correct probe position may not be the most proba-ridges on the vehicle structure and to re ectance disconti-
ble, the system presently stores up to the ve most probable”“mes on the vehicle and to discontinuities in the speacula
probe locations within a region if a probe has been detected . €ction of the light patterns incident on the vehicle . An
Thus, M probes are searched for, and up to ve locations example of the former is the ridge at the intersection of a car
are estimated for each, Box 3. Based on probes detected00f and side. An example of the second is the intersection
and their position estimates, a discriminant is computed fo ©f the front windshield and the windshield post. Another

each ofJ vehicle classes, Box 4. The largest discriminant €X@mple of the second is the intersection of a side window
determines the vehicle class j*, Box Ve are starting to and the adjacent side metal. These intersections show up as

use a new fully Bayesian approach. straight-lines or curves in images, but their appearanees a
not consistent - they may or may not be present in images,
) and if they are preserthey may not be present as connected
3. Probes as Features for Use in Recog- curves but appear only as unions of curve segments.
nition For a vehicle class, different probe types occur at differ-
ent locations in the vehicle bounding box. A 3-tube probe
As a result of having to deal with partial occlusion, un- occurs at the upper right windshield-roof- side-window in-
stable image sequences, and some uncertainty in the estitersection in Fig. 7. Hence, given the bounding box for a
mated 3D bounding boxes, the recognizer is designed agninivan, there is a 3D Baby Box rectangular solid within
follows. Recognition is based on 3D features and their ap- which such a probe should occur. A number of other probes
pearance in image frames. These features are 3D curveare shown in Fig. 4. Among these is the 1-tube probe at
groups(and 3D surface patches). A 3D curve-group is repre-the bottom of the doors. Given a Bounding Box, the system
sented as a group of tubes, i.e., 3D cylinders having straigh establishes Baby Boxes and a probe-type to be checked for
axes and constant radius cross sections, which intersact at in each such region. A Baby Box is suf ciently large that
point. We call these 3D tube-groups "Probes”. Fig. 4 illus- the true probe location will be searched even if the Bound-
trates examples of probes consisting of one to three tubesing Box estimate is somewhat in error. In the present rec-
These tubes have common length = 12 inches and radius =ognizer, relative angles between tubes in a probe are xed,
1 inches in the present system. A 3D probe represents locahnd probe orientation is xed for the region being searched
3D structure that is signi cant for vehicle class recogmiti in the Bounding Box. Fixing this orientation is possible
Probe detection is by projecting the cylinder group for a because the estimated Bounding Box provides rough prior



Frame i —

Intensity Scans

Figure 5: Epipolar curve correspondence across frameSgig, re 6: Reconstructed 3D curves found by the algorithm.
Curves are represented in epipolar coordinates. Intensity

data regions are delimited by adjacent curves.

is the ratio of 3D velocityjv(t)j to depth and represents
) ) . N . . the basic ambiguity of structure from motiog. is the ve-
information of vehicle position an_d dimensions. The un- locity component along the camera's principal ray (depth)
known for a probe are probe type, i.e., number of tubes, andangz (@) is the depth of each point on the curve. Curves are
probe location. Tube radius of 1" was based on three con-ttributed by intensity data from image regions on each side
siderations. First, it must enclose the one or more curvesyf 5 curve. The regions are delimited by the intersection of
it represents. qu example the front post between side Win'epipolar lines with adjacent curves. An epipolar scaledfact
dow and windshield may comprise from one to three curves, ge|imits the region if there is no intersection. In the catre
these being a curve bounding each side of the post and gmplementation, the mean intensity along an epipolar scan
curve bounding a black strip which often circumscribes the 5, each side of the curvé(®), is de ned for each epipolar

windshield. The numbers of curves detected in an imagecyrve sample point. The total match distance for a pair of
can be none or one or more of these. Second consideratioRryes in different framesy = s¢(®) andco = so(®) is

was that relative tube angles can vary slightly over vehicle gjyen py,
In a more sophisticated system, both tube angles and tube

positions could have some probabilistic variability to-bet Z
ter accommodate "camera calibration errors and car model  ¢(c;: ¢,0) = 1 [S(®;°%) | S(®;°%0)]?+
variability”. % o
17 £ %
, . = H®;%) i H(®;° 3
4. Box 1, the 3D Vehicle Bounding Box R oo o0 T(E) )

A structure from motion algorithm is used to reconstructthe ~ where¥Z and%f are the observed variances in shape and
3D bounding box of the moving vehicle from tracked edgel intensity. The integrals are taken only over overlapping do
curves. The curve matching and reconstruction is basedmains of®. Note that the depth to velocity ratio parame-
on the assumption that the vehicle motion is pure transla-ter, °, is assumed constant over the curve at a given frame
tion. Under this assumption, matching image points acrosstime. Curve matching is carried out on triples of frames,
all frames lie on the same epipolar line as indicated in Fig. with candidates taken over a wide range of possible values
5. Edgel curves are represented in the epipolar coordinateof °¢, representing a broad prior distribution on vehicle ve-

system as functions(®), where® is the epipolar line ori-  locity and depth. Only curves with overlapping domains in
entation and is the distance from the epipoésto a given epipolar angl&®, are considered as match candidates. Since
point on the curve. the actual curve correspondences are not known, they are

The position of a curve in epipolar coordinates as a marginalized out of the expression for the posterior proba-
function of time, is given by, bility of °¢. That s,

p(otithi 1;Cis1 ) /
So(®)

. = — X i goiy.ai X . ifoiy.ai P
S(®’t) (1 i o (®, t)t) (1) ei %d(ct( t)'cti 1) el %d(ct( t)!c[+1 )p(°t|)
wheresg(®) is the curve at = 0. The function ¢ 212G Clag 2Gin @
°(@:1) = i ézv(t)] @ _ Inthe Currer_ltimplementati_on the prior distributipff!)
T Z(®©) is taken as uniform. In practice, the posterior distributio



Figure 8: Each orange point is the image of a 3D probe
location for which the probability of the edge data in the
Figure 7: Probability of image edge data given probe 3D projected probe is nonzero. Blue is the point having largest
location is increasing function of number of oriented edges €dge-data probability.
in projected tubes.

p(°{jc 1;Cr+1) is sharply peaked around the correct value oa
of °{, but the domain of| is assigned a nite set of dis-
crete values corresponding to each potential curve match in

the adjacent frames with signi cant probability. The en-

tire video sequence is scanned by the adjacent frame triples

to obtain a set of potential assignments for each curve.

The posterior probabilities for potential curve assigntaen

form the basis for constructing curve tracks. Each value

of ® de nes a point tracks(®;t) over time. The epipolar

line corresponding t® will intersect many potential cor-  Figure 9: Probe location in 3D for which image edge data
respondences to a given pois{®), in each frame. These in projected 3D probes in Fig. 8 is nonzero. Larger spheres
correspondences are iteratively clustered accordingeio th  mean higher probabilities with the blue spheres marking the
values of°{ andp(°{jc; 1;Ci+1). The iteration proceeds top most probabilities.

across frames, with a new track being initiated if a point is

not a potential match to an existing track match cluster. The

clusters are expanded @as well, based on the similarity

of °! in the track clusters. Tracks with low probability are P (Edge datat; f; class j) ®)
eliminated. Short tracks consisting of only a few frames are wheret = f1,:1,; 1y g (N images).
also discarded. The vectoff ,, denotes the x,y,z, coordinates of the probe

Initially, it is assumed that the video frames are taken at in 3D space, and in the present system, N = 3. We discuss
equal time intervalgt t and that the vehicle velocity is how to do this, but in the present system we do something
constant. After the curves are matched, the relative vigloci - which is much simpler and takes liberties with the Bayesian
for each epipolar intersection point can be computed from formulation. In the present system, we compute
Equation (3) (Note: This is equivalent to 1D projectivity 8

invariance: cross ratio invariance). P (Edge datat;f;classj) if number of oriented
Under the pure translation assumption, perspective cam»% edges in each tube

eras for each frame takes the forig,[Ijv¢ t] where K =1 in Probe-m group ©6)

whereK is the camera calibration matrix. Given the cam- in images >

eras, the 3D tracked curves are reconstructed by a linea Threshold;

least squares method Hartley and Zisserman [6]. An exam- =0 else

ple reconstruction and bounding box is shown in Fig. 6 Note, by "oriented edges” is meant edge normals lying

.. within +- 30 degrees of the normal to the cylinder axis, and
5. Box 3, Probability of Image Edge threshold for the number of edges present is 10. In practice,

Data given Probef m there will be more than ong,, at which the function ex-
ceeds the threshold. We keep the at which the function
In this box, the system computes assumes its largest values up to a maximum of fygs.



whereE = ff1;f,; 5 fu Q.

P(class )) is relative frequency of occurrence of vehicle
class j.P(Edge datajt; E; class j) is the product of the M
probabilitiesP (Edge datgt; f,; class ), and

P (Edge datat; f,;classj) (8)
is just (5).
P (Ejclassj) (9)
Figure 10: Same as Fig. 8, but here car is black and image s estimated from a number of 3D CAD models of ve-
edge information is poor. hicles and is subsequently updated from measurements in

video clips. Note, (8) contains the image data contribution
to (7), and (9) contains the contribution of a priori 3D ge-
ometry knowledge to (7). (7) is a recognizer based on the
joint maximum of both vehicle class and probe locations. A
minimum probability of mis-recognition classi er would be
based on a discriminant which is the integral of (7) over all
thef,. That is something we have recently implemented
and will report on.

6.1. On the Design of (Fjclass j)

If an object coordinate system were known for each vehicle,
Figure 11: Same as Fig. 9, but applies to image in Fig. 10. the value of {1;f;:::;f ) could be measured for each ve-
hicle in class j, and a joint distribution estimated in theor
for this 3M dimensional vector space of M Probe locations.
(Non maximum suppression is used so that just the largestrhere are two obstacles to this. For M large, estimating a
value in a small region is kept). The reason for isolating at 3M dimensional joint distribution requires a huge amount of
most ve values off , for each class j is that this makes the |earning data which is not yet available to us. Alternagjyel
subsequent vehicle class recognition computation orders othef ,, within class j could be considered to be statistically
magnitude less costly. The valuesfof kept are vehicle  independent. However, since the recognizer must discrim-
class dependent because the system searches for them jAate among classes where between-class differences may
a Baby Box, and the location and size of a Baby Box for pe small, not using within-class geometric structure is un-
probef , is tailored to the vehicle class. satisfactory. The second obstacle is that a local coorlinat
In a more effective adherence to the Bayesian formula- system for a vehicle is obtained from the estimated bound-
tion, P(Edge datat; fm;class j) would take a range of  ing box and from camera calibration. At present, estimated
values based on the structure of image edges in the pro-hounding box error is suf ciently large that we cannot count
jected tubes (functions of number of edges, number of curveon knowing the local coordinate system for a vehicle suf -
segments, etc), and true minimupa(probability of mis-  ciently accurately for the preceding approach.
classi cation error) recognizer would be used. This re- We circumvent the preceding obstacles by replac-
quires integration of (7) with respect 6 whereF now  ing (9) with (10). Consider the triplet of probes and
varies over Baby Box regions. We have started to run thesetheir locationsf m1;fm2;fms. They constitute a trian-
experiments. gle in the 3M dimensional M-Probe location space. Let
dnim2;dm2ms;dnam1 be the three distances between
6. MAP, Maximum A Posteriori Prob- pairs of probe locations. Denote this triplgt. Here, t,
ability Recognition is a three component vector, the three distances. Then

The discriminant in Box 4 for vehicle class j is X
(9) = (constant)exp j V(tg) (20)

q

© . 4y A
mélx P (class )P (Edge datat; F: class j)P (Fjclass ) whereV (t;) is an energy function foty, and at present

@) is taken to be a quadratic form. That is, (10) is taken to be
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Figure 13: Triplets graphs.
Figure 12: Example, based on CAD models, of between-

probe distances for triplets of probes.
indicated by a blue dot.

We briey indicate how dynamic programming
a product of Gaussians, one Gaussian for each triplet. Theconsiderations(Geman([7], Amit[8]) can be used to reduce
mean and covariance matrix for each Gaussian is estimatedhe computation in (7) if, for many of the probés,, a
independently of those for the other triplets, and is basedprobe appears in only a few triples. As examples, consider
initially on a few CAD models (see Fig. 12) and subse- the graph in Fig. 13(a). In the graph there are M nodes,
quently on video clips. As more data is collected it may each corresponding to one probe. An edge between two
be that more complex energy functions than quadratics areprobesm1 andm2 indicates that distanagy, 1.m» appears
needed in (10), perhaps mixtures of Gaussians or nonparain a triplet that includesn1 andm2. In graph (a), there are
metric distributions, may become appropriate. triplets from 9 probes. Some probes appear in one triplet,
Use of triplets in (10) takes care of four problems. 1. some in more. The features used in the recognizer are the
These triplets are object coordinate system invariant. 2.three inter-probe distances within a triplet. In graph {(ag,
Triplets capture full 3D relationships, i.e., they capttire distance between probe 4 and 6 occurs in two triplets, the
complete joint geometry of triangles. 3. Joint distribatio  probes 4,5,6 triplet and 4,6,7 triplet. Graph (b)is the brap
for the three variables in a triple is easily updated sinee th dual to (a), it is the graph having inter-probe distances
number of variables involved is small. 4. Some triples are as nodes. Using dynamic programming, the computation
likely to be absent in the presence of partial occlusion, andfor maximizing (7) is bounded above 15} for subgraphs
it is simple to modify (10) to be based on those that are 7,8,9 and 1,2,3 and £ 5° for subgraph 4,5,6,7. The total
present. computation is4 £ 53. In general, there will be more
triplets sharing a common distances(but no pair of triplets

6.2. On Maximizing the Probability in (7) with sharing more than one distance).
respect tofq;f,;::;;fw in order to Com- .
pute the Discriminant for Class j(Box 4) 7. Experiments

The maximization in (7) can be done by computing it for A total of eighteen CAD models for sedans, minivans and
all possible values of the vectadiri( f2;:::;fm ). Since we SUV's were used for estimating a priori distributions for
detect and store up to 5 locations for each probe locationthe three distances between the three probe locations in
fm for each class j, the number of points at which (7) must each triplet of probes used. Fig. 12 illustrates the vectors
be computed can be as largess for each class j. For M of triplets of distances for each of two triplets of probes.
=9, this is roughly2 £ 1CP. For large M, this number be-  Speci cally, red is sedan, green is SUV, and blue is mini-
comes computationally infeasible. Howeverf if appears  van.
in only a small subset of the triples involved in (10), the A Gaussian distribution was estimated for each triplet
computation in (7) can be reduced by orders of magnitude.of distances for each vehicle class. Nine probes and 34
Retaining up to 5 values for location estimates for eflggh  triplets of probes were used in this experiment. To choose
is based solely on outcomes that occurred. More generallythe triples to be used, a Gaussian distribution was estimate
such pruning could be based on what is necessary to achievéor each of the 84 triplets of 9 probes, where probe-type and
desired detection rates. location were correctly determined from the CAD model.
Fig. 14 displays some of tHgaby Boxregions m within The resulting distribution was used in a single-tripletssla
which the probes ,, are to be detected and up to the ve recognizer for each of the 18 CAD models. Those triplets
most probable positions estimated. Estimated positioms ar resulting in O recognition error were kept. There were 34
indicated as red dots, the most probable positiorf foris of these. These distributions were then used to constitute



vehicle classi cation
SUV minivan sedan
SUV 35 5
true | MiNivan 6 28
class| sedan 1 24

Figure 14: Some detected probes on three frames.

Figure 15: 3D location of detected probes in Fig. 14.

(10). The resulting recognizer was run on 99 video clips
with only three frames used from a video clip in order to
get three frames taken at times suf ciently separated te pro
vide for a good sized baseline for doing the 3D estima-
tion/recognition. The results are shown in the 3x3 confu-
sion matrix below( Table 1). Each row is for one of SUV,
minivan, sedan, and each column is for one of SUV, mini-
van, sedan and is the number of classi cations saying that is
the vehicle classi ed. Given the very limited training data
and the very limited range of view directions used, recogni-
tion rate is88% Our results are comparable to Cootes [3],
Ikeuchi [4], but due to coherent integration over additidna
views have potential for essentially error free classiicat

Of course, 18 CAD models are far too few for design-
ing a10' 2 error rate recognizer, and the number of probes
needed may be larger. It remains to be seen whether a wide

range of view directions is also needed. We have started to

build a large video database of vehicles in motion. This will

be used to update estimates of (10) and to run large exper-

iments for determining the number of needed probes and

Table 1: Class recognition confusion matrix.

real time recognition computation. Integration of (7) with
respect taf is done numerically using Montecarlo.
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8. Important Comment

Preliminary experiments with a full Bayesian classi er¢en
of sec.5), indicates smaller probability of errors and dds



