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Abstract
We present an approach for inferring the topology of a cam- <
era network by measuring statistical dependence between
observations in different cameras. Two cameras are con- ‘&, ; 1
sidered connected if objects seen departing in one camera
upstream downstream

are seen arriving in the other. This is captured by the degree
of statistical dependence between the cameras. The nature
of dependence is characterized by the distribution of obser-
vation transformations between cameras, such as departure
to arrival transition times, and color appearance. sition to the downstream view. We also want to infer the
We show how to measure statistical dependence when thglistribution of transition times between the two views.
correspondence between observations in different cameras | some instances, one can carefully site and calibrate the

is unknown. This is accomplished by non-parametric €s-cameras so that observations are more easily coordinated.
timates of statistical dependence and Bayesian integrationpowever even with calibrated cameras, the departure/arrival
of the unknown correspondence. Our approach generalizesocations, connectivity, and transition time distribution still
previous work which assumed restricted parametric tran- pave to be learned. In many cases, cameras must be rapidly
sition distributions and only implicitly dealt with unknown deployed and may not last for long periods of time. Hence
correspondence. Results are shown on simulated and realye seek a passive way of determining the topology of the
data. We also describe a technique for learning the abso- camera network. That is, we want to determine the net-
lute locations of the cameras with Global Positioning Sys- ork structure relating cameras, and the typical transitions

Figure 1:Upstream to downstream movement of objects.

tem (GPS) side information. between cameras, based on noisy observations of moving
objects in the cameras. Departure and arrival locations in
1. Introduction each camera view are nodes in the network. An arc between

a departure node and an arrival node denotes connectivity
Consider the problem of wide-area surveillance, such as(likely transition). We want to infer both the topologye,
traffic monitoring and activity classification around critical which arcs exist) and the transition times. For the example
assets .9, an embassy, a troop base, critical infrastruc- in Figure 1 we want to infer that the views are connected
ture facilities such as oil depots, port facilities, airfield tar- and estimate the transition time distribution.
macs). We wish to monitor the flow of movement in such If we could identify the same object in different cam-
settings from a large number of cameras, typically with non- eras €.g, using a license plate reader or face recognition
overlapping fields of view. To coordinate observations in system), then learning the topology and transitions would
these distributed cameras, we need to know the connectivbe easy. In practice, in wide-area surveillance, the corre-
ity of movement between fields of viewd., when an object  spondence between observations in different cameras is dif-
leaves one camera, it is likely to appear in a small numberficult to obtain because cameras may be widely separated
of other cameras with some probability). A simple example and the observations may occupy only a few pixels. A key
with two cameras imaging the upstream and downstreamfeature we can exploit is time of arrival and departure. It can
sections of a road is shown in Figure 1. We want to infer be measured accurately by tracking in individual cameras.
that objects leaving the upstream view are likely to tran- Other features such as object appearance can also be used.



In this paper, we hypothesize that given the correspon- X T 0
dence, the transition time distribution is highly structured . QP@
(i.e, has low entropy). For example, we expect different
modes in the transition time distribution for vehicles and \.'
pedestrians with possibly some outliers. The contributions v

of this paper are a formal definition of connectivity in terms

of statistical dependence and an algorithm for integrating _. 5. ) ,

out the unknown correspondence. We show encouraging '9U'e 2:Graphical model of departurés, arrivalsY’, and trans-
. formationT" parameterized by.

results on synthetic and real data.

2 Previous Work a Bayesian manner. Our approach makes very few assump-
) tions and does not require supervision.

Previous work on tracking across multiple cameras gener- .
ally either assumed known camera topology or known cor- 3. Problem Formulation

respondence. Methods which use assignment algor'thmsro infer the topology of a camera network, assume we have

for tracking across multiple cameras such as [7, 9, 8] as-. o : . .
o : . identified arrival and departure locations and observations
sume the transition models are known or fit them with hand- .

labeled correspondences. Other work [3, 14] for calibration in each camera. For example, this can be done with a bIObT
based tracker in each camera separately [16]. For each pair
also assume known correspondence.

Makris et al.[11] have tackled th bl f estimati of cameras, we want to infer whether they are connected
akrisetal.[11] have tackled the problem of estimating and the distribution of transition times. Recall that this is

i- ions. Th m -
airTTltlrgaLne:? tr?pi'gI%gzi/ifrt?irtr)]u?itc);e;\;aci“ggﬁaust?\ye?szzarir?made more difficult because the correspondence between
single mode transition dis y observations in different cameras is unknown.

for the location of the mode. Their method assumes all de- Suppose we are given observations of departyre, z,

parture and arrival pairs within a time window are implicitly 5,4 arrivalyi, .., y,, times in two connected cameras, re-
Corresponding. The distribution of transition times obtained Spective|y_ A|50, assume that the Correspondence between
from this correspondence is examined for a peak by thresh-the observations is given by a permutationf the indices
olding based on the mean and standard deviation. Essensuch that(z;,y, ;) is a corresponding pair. We formalize
tially the correlation between arrival and departure times is this by writing

computed using a loose, implicit notion of correspondence. Yr(i) = ti(21), 1)

They show promising results using this method. where the distribution of transformatiopis parameterized
Correlation is effective for monotonic relationships in by4. This is illustrated in the graphical model shown in Fig-
general, but is not flexible enough to handle multi-modal ure 2. Shaded vertices are observed, plates (boxes) denote
distributions. Makriset al. [11] have acknowledged this repetitive structure. Solid arrows denote direct probabilis-
fact, which can occur when both cars and pedestrians areic dependence, while dashed arrows denote direct func-

part of the observations. Their approach essentially assumesional dependence. Note that each observed(paity ;)
a Gaussian transition distribution and implicit true corre- is associated with its own hidden transformatipnin this
spondences within a chosen time window. However for a model, a fixed transformation distribution is chosen by sam-
given departure observation, the true correspondence is ling ad. Then,n observations are generated by repeatedly
single arrival observation. So for all observations within a sampling an;, at; given the chose#, and finally generat-
time window, the true and false correspondences generate ing y.,.(;) as function ofz; and¢;. Given true correspon-
mixture of the true and false transition distribution. The dences we would know that two cameras are dependent.
time window size and distribution of observations deter- Thus with unknown correspondence, strength of statistical
mines the number of false correspondences versus the singldependency is a good measure for jointly inferring corre-
true correspondence. In general the more dense the obsegspondence and camera connectivity.
vations and the longer the transition time, the more false For departure and arrival time observatiasandY’,
correspondences. Thus their method suffers from assumthe transformatior” is an additive transition time between
ing a unimodal transition distribution, and only implicitly camerasY = X + 7. Our formulation also captures other
dealing with correspondence. transformations such as color variations between cameras.
Our method generalizes their approach to more flexible, We will show this in the experiments. Based on our formu-
multi-modal transition distributions, and explicitly handles lation, both the degree and nature of dependence is deter-
correspondence. This is accomplished by using a moremined by the distribution of’, which is determined by.
general information theoretic notion of statistical depen- BasicallyT tells us howX andY are related, and the ran-
dence, and integrating out the uncertain correspondence irdomness ir{’ indicates strength of dependence. In particu-



lar, strong dependence means that observagj@rs highly ~ 3.2. Entropy Estimation

predictable giverx. This will be reflected by low entropy 1o computel (X;Y) we need to compute(Y’) andh(T).

in the distribution ofl". So the degree of statistical depen- \We use the Parzen density estimator [12] to compute en-
dence measures how connected two cameras are, and theopy from samples. We show this f@r; it similarly applies
nature of this dependency is encoded in the correspondingo Y. The Parzen density estimate is

distribution of transition times. .
. 1 t—t;
. p)==-> K (—) (1)
3.1. Mutual Information as a Measure of De- ni4 g
pendence whereo is the bandwidthK is the kernel, andy, ..., ¢, €

Recall that our problem is to measure the degree and na-R? are iid samples. The Gaussian function makes a conve-
ture of statistical dependence between observations in twonient kernel. Parzen density estimators are simple yet flexi-

cameras. The mutual information (M) [15, 18] ble enough to fit densities with multiple modes.
oz, y) We can approximate the entropy
106Y) = [ [ seiog PE Wty @
p()p(y)

between two random variables andY is a natural mea-
sure of dependence. Itis the average log likelihood ratio be-
tween the joint distribution (dependent case) and the prod-This is just the negative of the average log likelihood of a set
uct of marginal distributions (independent case). Wolf [19] Of samples. It shows how the entropy of the transformation
has shown that Ml is the dominating term in a Bayesian is related to their likelihood which in turn determines the
measure of independence. When the joint distribution is degree of statistical dependence in our model.
very different from the independent distribution, there is a  For uni-dimensional data we use the fasteispacings
strong dependence betwegrandY’, andl(X;Y)islarge. ~ €stimate [17, 10]. The estimate is

We can write Ml in terms of entropy, ne—m

WT) = ~Bllogp(D)] = =7 > logp(t).  (12)

1 n
I(X;Y) = h(Y) — h(Y]X), 3) MT) ; log (E(t”'” - ti)) (13)
where entropies are defined as where the subscripts far denote ordering. The primary
h(Y) = —Ey[logp(Y))] (4) computation is sorting the data to obtain order statistics.
Y |X) = —Ex{Ey [log p(Y|X)]}. (5)

3.3. Posterior Expectation

Thus Ml is a measure of the reduction in uncertainty of one Now we know how to compute statistical dependence in

random variable given knowledge of another. terms of Ml and entropies. Given observatiofs =
We can use equation (3) to compute MI between the ob- {z:,y:} we write the posterior expectation as

servations in two cameras. We can relaf® | X) to the en-

tropy of T' by recalling the graphical model shown in Figure . B , , ,
2. Then using the chain rule for entropy, EolI(X;Y)] = /gl{h(Y) — h[T|0"]}p(0"|O)do (14)
h(Y,T|X) = h(T|X) + h(Y|T, X) (6) = h(Y) —/ h[p(T|0’)]%d0' (15)
= W(T) + h(Y|T, X) @) i P
becauseX is independent of’, and =h(¥) - /9 Alp(T107)] (16)
B(Y,TIX) = h(Y|X) + h(T]Y, X). ®) [] Lty p@)dts an
p(O)

=1

.

Assume thal” = T'(X) can be determined giveR and
T up to fidelitye > 0, and thatl’ can be determined given Note that the dependence integrates over all transforma-
X andY also up to fidelitye [15]. Combining the above  tions and all transformation distributions. We can choose
yields the maximum a posteriorfMAP) 6* and¢* given 6* as
h(Y|X) = h(T), 9) the reprilseriiattii]ve depieridel:jget qtr)ldt_tran;,ffor?at(i;ri]é ;I'his is
o reasonable if the posterior distribution éfand p *
[(X:Y) = h(Y) = M(D). (10) is unimodal and sharply peaked. We expect this to be the
So as previously asserted, the degree and nature of decase for simple transformations such as transition time. We
pendence betweek andY is governed by the distribution  could also sample transformation distributions and transfor-
of transformationg”, which for our model depends on the mations from the posterior distribution éfandp(7°|¢) and
hidden paramete#. compute their resulting statistical dependence. In practice,



we represent the MAR* implicitly by modeling the dis-  Algorithm 1 Metropolis-Hastings
tribution of T nonparametrically. The assumed functional 1. Initialize o; j = 0.
relationship betweelX, Y, andT also simplifies the inte- 2. loop

gral with respect td” to a single term. So the computation 3.  Sampler’ from g(-|m;).
of I(X;Y) only requires computing(Y) andh(T). 4. SampleU fromU(0,1). ,
5. Leta(r,, ') = min (1, 25950 ).
4. Correspondence 6. if U< a(n;, ') then
7. T =7,
So far we assume a known correspondendeetween the 8 e|sej

observationsX andY in both cameras. This allows usto 9. Tj41 = ).
relate the nature of the statistical dependency betw€en 10. endif
andY with the distribution of transformatioris. We define  11. j«<—j+1.
statistical dependence as mutual informati¢®’; V), and ~ 12. end loop
compute it via the entropiggY") andh(T).

In reality, the correspondeneeis unknown so we must

integrate it out as a nuisance variable, of a correspondence is proportional to the log probability of
the corresponding transformations, which we compute as
Eo[I(X;Y)] = Eo[Ex{I(X;Yx)}]. (18)  _p(T) as described in the previous section. The algorithm

repeats this process for the desired number of samples. We
computel (X; Yr, ) for each sample; and take the average
as the expected posterior M.

Using the single MAP correspondence to approximate the
expectation is problematic becausgX;Y;), in general,
does not vary smoothly with permutations The MAP
correspondence may have incorrect correspondences WhicQl .
can dramatically change the estimated transformations 2. Missing Correspondences
This is because of the discrete structure of permutations.Recall that our goal is to compute the statistical dependence
Thus the correspondence problem does not admit a simpléetween observations in two cameras. We have shown how
MAP approximation to the full Bayesian solution as for MI.  to do this by computing MI using nonparametric density es-
timation and integrating out the unknown correspondence
4.1. Markov Chain Monte Carlo using MCMC. In real data, it is common for correspon-
The combinatorial nature of permutations makes compu—dences to be missing betyveﬁh:’:de_. That is, somer;’s
tation of the expectation (18) by direct enumeration in- May nothave corresponding;)'s. This can occur because
tractable. Markov Chain Monte Carlo (MCMC) [5, 13,2, 4] Some objects may move into a different camera view or be-
is a way to perform approximate inference in this case. We cause of tracking errors in either camera.
want to approximate We consider missing data as outliers, and model the dis-
tribution of transition times as a mixture of the true and out-
lier distributions. We can still use the fast-spacings esti-
mate of entropy by minimizing an upper bound on the mix-
ture entropy. Lep; = p(T|w = missing), ps = p(T|w =
which requires samples from the posterior distribution of present) andA = p(w = missing). The joint entropy is
correspondences 7). We use the Metropolis-Hastings al- h(T,w) = H(w) + h(T|w) (20)
gorithm [6] (see Algorithm 1) to do this. The initial sam-
ple is a random correspondence (permutation). New sam-
ples are obtained by conditionally sampling a new corre- whereH denotes entropy for discrete variables. Thus,
spondence given the current one via a proposal distribution
q(’|m;). We use three different types of proposals for sam- H(w) + AT |w) = H(w|T) (22)
pling correspondences: (1) add a match, (2) delete a match, H(A) +Ah(p1) + (1 = Nh(p2) = Hw[T)  (23)
(3) flip two matches. This allows the algorithm to sample < H(A) 4+ Ah(p1) + (1 — A)h(p2) (24)
new correspondences by swapping r.natches. The ability tobecauseq(u;|T) > 0. In our experiments we have used a
add and delete matches handles missing correspondences

. . . uniform outlier distribution.
as described in next section. It also enables matches to be .
In summary, our method relates statistical dependence

swapped without generating samples with highly improba- : ; .
bp : 9 9 P gnly IMProba- 1, . veen two cameras with mutual information between ob-
ble matches in the process. The proposals are simple to im- . . .

: . servations at each camera. MI is computed by calculating
plement and work well in our experience. The new sample " o .
; . . . L the entropy of the transition distribution. MCMC is used
is accepted with probability proportional to the relative like- :
. oo to integrate over the unknown correspondence between the
lihood of the new sample vs. the current one. The likelihood ! oo T

observations, taking into account missing matches.

FolBAI(X; Ya}] ~ % SOBI(X;Yxy)),  (19)

= W(T) + H(w|T), 1)

h(T)
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Figure 3:Transition distributions obtained using correlation with 7.5 100
different time windows all fail to match the simulated multi-modal 2 os ",r"m-f""_'_'—‘
distribution (dashed plot). In addition, there is no clear maximum Lo o0
peak indicating statistical dependence. - -

h(T) ’ number of matches

5. Results © (d)

First, we show detailed results for a simulated and real Figure 4:Our method on the simulated road. (a) Estimated tran-
road. In both cases, two cameras are positioned at two nonsition distribution. (b) Samples from the pOSterior distribution of

overlapping portions of the road. Finally, we show results correspondences(w) (true correspondence along the diagonal).
for a simulated and real traffic network of cameras (c) Entropy of the transition distribution vs. MCMC iteration. (d)
' Number of correspondences vs. MCMC iteration.

5.1. Simulated Road 5.2. Single Road

To study the differences between our approach and pre_Consider the two views shown in Figure 1 of upstream and

vious work we simulated a data set of 100 points downstream portions of the same road. Cars and pedestri-

from a Poisson(0.1) departure process. The transition NS Passing through the scene will appear in one view and
distribution is a mixture of Gamma(16.67,0.33) and subsequently in the other. We hand-labeled 100 matches in

Gamma(266.67, 1.33). This generates a dense arrival pro- "€ day of tracking Qata obtained from a bIob—trackgr [16].
cess and two transition time modes with different means 1 N€ data also contained about 25% unmatched outliers.

and identical variance. Real objects such as pedestrians and Figure 5 shows the transition distributions estimated us-
vehicles often exhibit this type of process. ing the correlation method. As in the case for the simulated
Recall that the correlation method matches all observa-data’ correlation cannot accurately recover the multi-modal

nature of the transitions. The also results in a higher entropy

tions within a transition time window. These assumed cor- . ..~ - .
. R distribution and less statistical dependence. Figure 6 shows
respondences are used to estimate the distribution of transi:

tion times. Figure 3 shows the transition distributions esti- the results of our approach on this data. Note how the num-

mated usi'n t%\e correlation method with various time win- ber of matches changes rapidly initially but eventually con-

dows. The r?umberoffalse correspondences causes the tra verges. Our recovered transition distribution matches the
T ) P o Yue distribution fairly well. The sharpness of the posterior

sition distribution to differ greatly from the true distribu- : -

. o T . correspondences point to why we can recover the transition

tion. It is difficult to choose a best correlation time window.

Also, correlation weakens with increasing distance betweendiStribUtion fairly accurately. Figure 7 shows a sample of
' ) g dista the correspondences we obtain from our method. In total,
the means of the mixture component distributions because

it assumes unimodality. Although the transition distribution 14% of them were in error. This is using temporal infor-
Y- 7 '9 . mation alone. We expect that adding other features such as
has low entropy, correlation fails to capture this.

. color may improve the correspondences.
Figure 4 shows our approach on the same data. Although

we do not recover the transition distribution exactly, it is . .

much closer in shape than the ones obtained from thye corre-5'3' Simulated Traffic Network
lation method. The estimated Ml of 2.47 is close to the true We built a traffic simulator to generate data for a simulated

value of 2.12. In general it is difficult to recover the true network of cameras at intersections. The simulator was
transition distribution, however our algorithm does find dis- based on a real road network, and took into account real
tributions that are qualitatively similar in structure (multi- traffic patterns and vehicle dynamics. An example network

modal) and quantitatively similar in MI. Departure and ar- is shown in Figure 8. We simulated 1000 car trips using

rival times alone may not be able to resolve the ambiguity shortest paths from start to end node with some noise in the
that can occur by correspondences which shift the modes ofpath. Departure and arrival times were recorded.

the transition distribution. We computed MI for each pair of cameras. For each



- . THERERENG O

° > - ° - - ] : .
t i t i S s \.E
eEERRCE

Figure 5:Transition distributions obtained using correlation with
different time windows on the road data. The dotted distribution is Figure 7:Examples of objects matched by our method. The sec-
the true one. The results vary widely for different time windows. ond from the right has been considered an outlier by the algorithm.

corresponding color flow is essentially a brightening, while
the non-corresponding one is less unstructured. The total
transformation entropy is the sum of the temporal and color
transition entropies. In this case we had greater difficulty in-

© 1 = = 20 40 60 80 100 120 140

t ferring the camera transition topology. Many of the primary

(@) (b) transitions are recovered as shown in Figure 10. Weaker
e e second order connections also show up. We believe these
: 105 difficulties are primarily caused by the lack of data. Many
- e of the links between cameras had only about 30 correspon-
- o dences. In addition, accurate times of departure and arrivals
%o 7 = g = %% 7 = g 2 were only available at frame resolution. Adding other visual

h((T)) ”“mber(g‘; matches features may help alleviate these problems.
c

Figure 6:Our method on the road data. (a) Estimated transition 6 Camera Location Learning

distribution. (b) Samples from the posterior distribution of corre-
spondenceg(w|O) (true correspondence near the diagonal). (c)
Entropy of the transition distribution vs. MCMC iteration. (d)
Number of correspondences vs. MCMC iteration.

Thus far we have discussed a technique for learning the
topology and transition time distributions for a network of
cameras. A related problem is that of finding the geometry
of the network. Specifically, we are interested in learning

camera, edges with Ml values above a fixed percentage ofthe actual geographic coordinates of the fields of view of
all values were added. For a Markov chaih — VY — the cameras, using GPS side information. By doing so, ap-
Z, the data processing inequality guarantéex’;y) > plications can take advantage of semantic information such
I(X;Z)andI(Z;Y) > I(Z;X) [1]. Thus directly con-  as the relative locations of key protection assets and camera
nected cameras have higher statistical dependence (assun¥iews. We envision extending the topology learning frame-
ing roughly equal unconditional entropies). Examples of Work in the future to allow integrating the learning of ge-
learned graphs based on different percentage thresholds aremetry and topology jointly. In Figures 8 and 11, we would
shown in Figure 8. In our experimentg greedy selection like to be able to learn the locations of the cameras (blue
closely approximates the correct topology. circles and red boxes, respectively).

One method is to manually obtain the world coordinates
. of the camera fields of view at the original installation time.
5.4. Real Traffic Network Unfortunately, in many situations this is impractical or in-
We obtained data from a real traffic network of five cam- sufficient. In some surveillance scenarios, rapid deployment
eras, described in the next section. Once again we appliecdbf cameras is necessary to limit danger to those installing
our method as for the simulated traffic network. For this them. In a much wider set of long-term surveillance sce-
experiment we also added color transformations from onenarios, cameras tend to get bumped out of calibration, new
camera to another. This is commonplace because camerasameras are periodically added, and old cameras fail.
often have different sensor responses. In addition, for wide For our experiment, we assume that we have an in-
area surveillance the lighting conditions for vary dramati- stalled network of cameras and at least one object mov-
cally across cameras. Color transformations are modeledng through the surveillance area that is instrumented with
as flows in RGB space,, = ¢, + Ac, for an RGB vector  a GPS receiver. Note that we do not have correspondence
c. Figure 9 shows estimated color flows for a good corre- between the instrumented objects and camera observations,
spondence and an essentially random one. Note how thes.g.when we see an object pass through a camera, we do not



Figure 8: (a) The true simulated network of cameras. (b)-(d)

Examples of recovered graphs of the simulated traffic network for (b)

different MI thresholds. Here the camera locations are assumed

known for visualization purposes, but our algorithm is agnostic to Figure 10:Links inferred for the real traffic network. Link width

this information. is proportional to strength of statistical dependence. (a) low Ml
threshold (b) high Ml threshold.

can approximate it with the mixture distribution

Pz, ylc) o p(x, ylc) + ep(z, y) (26)
Ny Ny; Nej

o< Y D> (@, wui)d(y, yoi)(tess toi)  (27)

v=1i=1 j=1

where ¢ indicates how well p(z,y|c) approximates

(b) p(z,y|c). For our current implementation, we assume that
p(z,y|c) = p(x, y|c) and do not attempt to remove(z, y).

Figure 9: (a) Corresponding color flow. (b) Non-corresponding  To test this algorithm, we use a dataset of five cameras,

color flow. five instrumented vehicles following scripted behavior, and

approximately unplanned 17 vehicles that passed through

know to which, if any, instrumented object it corresponds. the cameras during the data collection period. In Fig. 11b
Under this setup, we know the latitude and longitude of We showp(z, y[c) as green and black (bold) dots, compos-

each instrumented object at each point in time. We denoteited from all cameras. We threshgidz, y|c) and consider
this data as the s€t(z,, yui,tvi)}, Wherev indexes the  high values to be candidate entry/exit locations for the cam-

vehicle and indexes time. We may estimate eras. These are shown in the figure as large dark black dots.

For each camera, we find the bounding square of a fixed size

that contains the largest number of high values. We only

consider the high values generated for the particular camera

in question. The red bounding squares are our estimated

whered (-, -) is the Kronecker delta function (see Fig. 11a camera locations. Overlayed as well are dark red trape-

for p(x, y) for the real traffic network we tested). zoids indicating the manually-drawn approximate ground-
We separately have access to the recorded in-cameraruth fields-of-view of the cameras. Note that with this data

tracking data,{(t.;)}, that reports when vehicles enter we are able to correctly identify the camera locations.

and exit each camera’s field-of-view, wherendexes the

camera number angl indexes the times reports occurred. 7. Discussion

We seek to correlate the spatio-temporal GPS data with

the camera report times. To do so, we wish to estimateWe presented an approach to infer the topology of a cam-

p(z, y|c), the probability that a vehicle will be at location era network by measuring the degree and nature of statisti-

(z,y) given that it is seen at the edge of camera cal dependence between observations in different cameras.
Although we cannot quite estimapéz, y|c) directly, we Unlike previous work, our method explicitly considers the

Ny Ny;
Pla,y) o< Y > (@, 20i)3(y, yoi) (25)

v=1 i=1



Carnegie Mellon University School of Computer Science,
2000.

[3] R.B. Fisher. Self-organization of randomly placed sensors.
In European Conference on Computer Visiaf02.

[4] D. A. Forsyth, J. A. Haddon, and S. loffe. The joy of sam-
pling. International Journal of Computer Visiord1(1/2),

2001.
[5] W. R. Gilks, S. Richardson, and D. J. Spiegelhalter, edi-
(@) tors. Markov Chain Monte Carlo In PracticeChapman &

Hall/CRC, 1996.

[6] W. K. Hastings. Monte Carlo sampling methods using
Markov chains and their applicationBiometrikg 57, 1970.

[7] T.Huang and S. Russell. Object identification in a Bayesian
context. Ininternational Joint Conference on Artificial In-
telligence 1997.

[8] O. Javed, Z. Rasheed, K. Shafique, and M. Shah. Tracking
= across multiple cameras with disjoint views.lfternational
(b) Conference on Computer Visio2003.

[9] V. Kettnaker and R. Zabih. Bayesian multi-camera surveil-
lance. InComputer Vision and Pattern Recognitjdr999.

Figure 11:Camera Location Learning: (a) plot of all GPS co-
ordinates recorded for all vehicles using the real traffic network

(p(x,y)). (b) estimated camera locations, composited together [10] E. G. Learned-Miller and J. W. F. Ill. ICA using spacings
({p(z,ylc)}). Black (green) points are GPS coordinates of ve- estimates of entropyournal of Machine Learning Research
hicles judged to (not) correspond to an entry or exit from a cam- 4, 2003.

era. Light red squares indicate the location of all automatically- [11] D. Makris, T. Ellis, and J. Black. Bridging the gaps between
estimated camera locations. Dark red trapezoids indicate the cameras. ’IrCompL’Jter\ﬁsion and Pattern Recognitj@®04.

manually-estimated camera locations. o B ) )
[12] E. Parzen. On estimation of a probability density function

and mode Annals of Mathematical Statistic33, 1962.
correspondence problem and handles general types of stg413] H. Pasula, S. Russell, M. Ostland, and Y. Ritov. Tracking
tistical dependence by using mutual information and non- many objects with many sensors.liternational Joint Con-
parametric density estimates. It also recovers the transition ~ ference on Artificial Intelligencel999.
distribution, not just an average transition time. We demon- [14] A. Rahimi, B. Dunagan, and T. Darrell. Simultaneous cali-
strated how our method outperforms previous work on sim- bration and tracking with a network of non-overlapping sen-
ulated and real data. The computations are approximate but  sors. InComputer Vision and Pattern Recognitj@004.
give promising results and is relatively simple to implement. [15] C. Shannon. A mathematical theory of communicatigell

Future work involves analyzing more than two cameras System Technical Journ&7, 1948.

at a time. Our results have only used time of departure 6] c. stauffer and W. E. L. Grimson. Adaptive background mix-
and arrival and color, but our approach is readily adapted ture models for real-time tracking. @omputer Vision and

to other features. We hope to integrate the learning of met- Pattern Recognition1999.

ric camera locations into our topology Iearning framewor_k. 17] O. Vasicek. A test for normality based on sample entropy.
We can also take advantage of the following sources of in- Journal of the Royal Statistical Society, Series 3(1),
formation to further constrain the solution space: (1) mo- 1976.

.tlomdlrecnon ;md scene entr.y/eX:jt Inf%rggtéog, (.2) VehICIC?Ss;lB] P. Viola and W. M. Wells, lllI. Alignment by maximization
int ?scen_et atare not equipped wit evices, and ( of mutual information. International Journal of Computer
transition times between cameras. Vision, 24(2), 1997.

[19] D. Wolf. Mutual information as a Bayesian measure of in-

dependence. Technical Report 94, Los Alamos Unlimited
References Release, 1994.

[1] T. M. Cover and J. A. Thomas Elements of Information
Theory John Wiley & Sons, 1991.

[2] F. Dellaert. Addressing the correspondence problem: A
Markov Chain Monte Carlo approach. Technical report,



