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We use the training data X = {z1,72,..., TN} without any label information as to the co&




Formalize the problem as a density estimation using a particular type of mixture model

earning phase

A

raining data without labels

Feature
extraction

L1

Learn a Gaussian mixture model (GMM) whose mixture \

index is equated with the count of the objects
d = 0 objects

d =1 object

d=2 objects d=3 objects

Density

Ao 01 + 69 201 + 6y 3601 + Oy
Our idea is to use the stick-breaking process as a constr

X
aint to
make it possible to interpret the mixture indexes as the count. /

Runtime phase

B

~ New observation

Feature
extraction

To find the count for a new observation, we pick the
cluster of the highest posterior for the count given U

h* = argmaxp(h|z, X)
h

T

H?

000 =
a 1 2 F 4 5 6 T B % 7011 01212 1415 16 17 1B 1% 20 21 22 23 24 35
.

p

/




Iy
..'I
M

Experimental Results: Vehicle-Counting from Web Camera Images

We confirmed that the proposed framework can apply to the task of counting vehicles in the web camera images.
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We compared our unsupervised approach with several supervised

alternatives in RMAEs for all of the camera locations (smaller is better). Error

bars represent the standard error.
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Gaussian Mixture Model whose d-th component is responsible for x
having d number of objects

The proposed GMM has a restriction on its mean parameter:
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We loosely assume that feature x is a good enough
feature in the sense that it is proportional to the count.

However, the counting results of
T the proposed GMM without any
STHI additional constraint will become
R linearly proportional to the true
count.
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Regularize density estimation results of the GMM by stick-breaking process prior

The likelihood of the count h in the proposed GMM is invariant with respect to the simultaneous translation of
x and ¢,, as well as the simultaneous scaling between count d and 9,, such as,
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We introduce the stick-breaking process as the prior for the count, which can represent the desired property
of the count set: the assigned count values for the observations are consecutive natural numbers from zero.

Stick-breaking Process P(h|’0) = H

(v Zﬂzza =) )

Interestingly, in traditional Bayesian nonparametric literature, this nature, which is each component is always
associated with the same index, is known as a drawback; that is, it can cause the solution to get stuck at a

local minimum in practical use.



Estimate posterior through efficient variational Inference algorithm

Using the proposed model and the conjugate priors, Finally, thanks to the conjugate modeling, we can get the
we can rewrite the posterior as iterative updating equations as
p(h|z, X) o / p(z,h, X, H,0,3,v)dHdOdSdv, q(h)q(H) = Categorical (h\uh)
N
where p(x,h, X, H,0,3,v) = p(z|h,8,p) X H Categorical (hn uhn),
N n=1

q(8,v) = Gamma (B‘aﬁ, bﬁ) Beta (fvd Ay, s b,Ud),
We stop the VB iterations when this condition is satisfied
(Dxc.(allp) — Dxe('[lp))”
Dicr.(¢'||p)’

We can estimate the number of objects in the new observation
as

We approximates the posterior in a factorized form:

qth,H,0,5,v) = q(h,H)q(0)q(5,v)
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We then identify the optimal g that minimizes

Dxw(qllp) = / ¢(Ing — Inp)d HdOdSdv
h* ~ argmax q(h)
h
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Future work

olncluding many other features and introducing a non-linear relationship in the
proposed GMM would be an important research area

oApplying the proposed approach to other applications, such as crowd counting
and cell counting, would be another promising area of study




