A Method of Small Object Detection and Tracking Based on Particle Filters
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Abstract

In this paper an efficient method of small object
localization is proposed that integrates detectiamd
tracking. The system is initialized using a stralegector and
then it locates the object over time using a westlector and
a temporal tracker. Both of strong and weak detectre
based on foreground-background segmentation. Tioagst
detector is created from shape analysis of foregtohlobs
and used to trigger the object tracker. The weatedter is
built with outputs from the foreground detectiokelihood
and integrated into the tracker's observation likebd. In
the particle filter-based object tracker, motiortiegtion is
embedded to generate a better proposal distributdod a
mixture model is tailored to handle the ambiguitytemplate
matching due to cluttered background. As a casdystthe
proposed scheme is applied to ball detection aadking in
soccer game videos. Promising results are presemted
illustrate the proposed method effectively handiesvy
clutter, occlusion and motion blur.

1. Introduction

Object detection and tracking in digital videpsovide
important information about the object locations &emporal
correspondence over the time. Lying at two extremes
traditional tracking utilizes every assumption @mporal
continuity, while usual detection aims at discriation of the
target from the background. When the object is Isinal
appearance, its continuity turns to be weak inkirgc since
cluttered background and occlusion result in seaemnbiguity;
meanwhile reliable detection is often unaffordatiee to
deficient features extracted from the object’s smegion in
the image. Integration of detection and trackinfersf the
capabilty to overcome this difficulty, achievingtreng
discriminative power while maintaining the use otak
spatial-temporal continuity.

It is seen that incorporating classifiers inbe tracker has
become a popular approach [4, 9, 2]. The main ide@
formulate the task as a segmentation/classificgiimblem in
the sense of distinguishing the object from thekgemund.

Statistically-based object detectors, such ae fietection
using boosting [13] and human detection using sttpgector
machine [5], provide relatively good performanceawsgver,
they are not appropriate for small objects. Instetu
segmentation-based method [14], using color, depth
motion cues, is a good choice in these situations.

Particle filters provide a convenient Bayesidltering
framework of integrating the detector into the kexc There
are two basic schemes: applying a mixture proposal
distribution by combining the dynamic model witke tbutput
of the detector [11]; or sending the output ofdleéector into
the measurement likelihood [3].

In this paper the problem of detecting and trackirgmall
object is addressed. The key idea is to clarify different
roles of detectors in the integration: The deted¢tiygering
the tracker should be strong to verify the objeptesence at
a very low false positive detection rate, wherédesdetector
integrated into the tracker should be weak witheayow
false negative detection rate and allow statisfigsibn with
temporal inference; Both detectors are based
foreground/background segmentation; The strongctimtas
created from shape analysis of foreground blobstlamdveak
detector is built with outputs from the foregroudetection
likelihood; In the proposed particle filter-basedacker,
motion estimation is embedded to generate a bpttgyosal
distribution and a mixture model is tailored to tienthe
ambiguity of template matching due to clutteredkgacund.

on

2. Segmentation-based Detection

Various segmentation-based detection algorithms] [14
have been proposed based on background subtrafraome
differencing, motion estimation and color segmeatatAs a
case study, ball detection in soccer game videmadyzed in
this section and color segmentation is applieduit ta blob-
level strong detector and a pixel-level weak detect

2.1. Field segmentation

Soccer is normally played on a grass fieldrdfere a
useful first step is to detect the pixels that fatma playfield.
In this paper, a color histogram learning technigae
employed to detect the playfield pixels [6].



A playfield pixel classifier is derived throughe standard

likelihood ratio approach as

if like_ratiqx,y)= @
Gy =" ~ratdey) @
0, otherwise
where thdikelihood ratio for pixel(x,y)is

P(rgh| playfield)

P(rgb| nonplayfidd )
with  p(rgp| playfield) » P(rgh nonplayfied) Cconverted from
playfield and non-playfield histograms, arl = 0 is a
threshold optimized from the receiver operatingrabeeristic
(ROC) curve [6].

Ideally, the non-playfield pixels inside the extext
playfield areas should be the foreground pixeld ttan be
grouped
component analysis (CCA).

like _ratio(x,y) =

2.2. Strong detector

This kind of detector functions by finding theolated
object (ball) among the foreground blobs in the/fjgid. The
technique uses shape descriptors, such as perifeteea A,
major/minor axescL/C roundnessF = PZ/(47A) and
eccentricitye =C, /Cs.

Besides, the ball is nearly white. A simple methuod
identify white pixels in each foreground bloH®
1, if rb(x,y)<a AND I(x,y)>b )

X(%y)= .
) {O, otherwise
with

s’

rb(x,y) =[r(x, y) —1/3]? +[b(x,y) -1/ 3]?,

r(x,y), b(x,y) being normalized red and blue components for
pixel (x,y), I(x,y) denoting the intensity value in the range
[0,255] and X(x,y) denoting the white pixel mask (For al the
experiments in this paper, a=0.6, b=120. Consequently, the
proportion of detected white pixels for each blob is
Pw =C{(x,y) | X(x,y)=1/A, where C{.} is the cardina
of {.}.

It can be shown that there is a predefined range for the
ball's blob area A according to the camera configuration.
Roundness F and eccentricity E for a blob candidate should
be close to 1.0, different from disconnected segments of field
lines or noise. So, the output of the ball detector is

1L py, >r, AND AOJ[ar,,.ar., ] AND
B= F<f_ ANDE<e,, ®
0, otherwise
(Note that the parameters are set as ar, =3 ar,, =80,

fro =25 €, =3, 1, =0.5 inthis paper.)

2.3. Weak detector
Thistype of detector is defined to output a likelihood score
for each search window W in the image as

LeW) = Y [1-G(x YIN(d,,0,)N(d,,,a,) @

(x,y)ow

into different foreground blobs by connécte

where d, =like_ratio(x,y)/6 . d,=rb(x,y)/a , ad
N([,) denotesthe normal function.

3. Adaptive Particle Filter for Tracking
3.1. State space and dynamics

The object’s state vector is defined as X =(x, y), where (x,
y) is the window center of the object. The window size is
assumed to be constant during tracking.

In this paper, motion estimation is embedded into the
dynamic model as in [10]. If the estimated motion for the
object is denoted as V., the dynamics can be formulated as

Xt+1 = Xt +Vt +:ut' (5)
with 4 denoting the state prediction error. To vary the
diversity of particles, variance of 1, is adapted [15] during a
range as R O[R, R . proportiona to the motion
, where | | | is

x1yr Tt
partial derivatives of the intensity function | with respect to x,
yandt.

estimation error, i.e. ‘UIX+VIy+II

3.2. Observation likelihood

It is assumed the intensity measurement z:m , the motion
measurement ztmOt and the detector measurement tha are

independent. Then it results in the following likelihood:

P(Zt | Xt) = P(Z:m | )(1)F)(Z1deI | XL)P(ZtmOt | X1)q_l‘ (6)
where Z, :{ztim,ztmm,ztda} , 0,=0 if the object is
occluded, and 1 otherwise. When the object is occluded or
motion estimation fails, the motion continuity term is not
feasible in the likelihood equation (8). The likelihood term
from the detector measurement is given in (4), i.e
p(ztde‘ | X,) =Ly (W) - Other two likelihood components

are discussed below.

The intensty measurement is computed based on the
correlation surface [1] which better measure the uncertainty in
cluttered background. The SSD-based correlation surface for
each particle is defined around the SSD peak in a small
neighborhood Neibas

(X)) = DTN =10+ X 1%, X, ONeib - (D
XOW
where W is the object window , T is the object template and

I () istheimage at current time.
In this correlation surface, it is assumed J candidates. As a
result, J+1 hypothesis can be defined as [12]:
Ho={c; =C:j=1..,3}
H;={c;=T,c =C:i=L1...J,i# =3
where ¢, =T means the jth candidate is associated with the
true match, c;=C otherwise. Hypothesis H, means that

none of the candidates is associated with the true match. The
clutter is assumed to be uniformly distributed as u(, and

hence the true match-oriented measurement is Gaussian



distributed as N([,[) . Consequently, the intensity likelihood
termisformulated as

PZ™ 1X)=qU@+Cy Y. aN(.a).  ®
where C, is the normalization factor, and q, is the prior
probability  for hypothesis H, ji=0,..., J ( q, =05,
q, =(1-q,)/J for dl the examplesin this paper).

The motion likelihood term is calculated based on the
difference between the particle’s speed (position change) and
the average object speed in recent past, i.e.

e = (8% | =0 + (|2, |-4y)*, t>2
where (Ax,,Ay,) is the particle's speed with respect to
(X4 Yiy) » ad (Ax,Ay) is the average object speed in
recent past, i.e.

_ t-1 o t-1
AX= D% =X, |1k By = Y |y, =y, 1k

s=t-k s=t-k
Hence the motion likelihood is calculated as

P(ZtmOt [ X)) =N(d 00 Tpner) - 9)
Strong
Detector

@ s
:*Y
APF-based Weak
Tracker Detector
< N‘@Y

Figure 1. Integration of object detection and tracking

3.3. Occlusion detection and template update

In this paper, occlusion is declared by applying the
response distribution given by [1]. If the object is declared
“occluded,” we stop estimating its motion v, and discard the

motion likelihood term.

When the tracker is initialized, the occlusion state of the
object isset to 1, i.e. O, =1. Afterwards, the tracker has to
edimate O, at each timet >1 by occlusion detection. Actually
when the object is quite smdl, it is hard to distinguish
between true occlusion and heavily ambiguous clutter (the
latter caseis called virtual occlusion).

A template updating technique in [8] is used in a
conservative way to handle the drifting problem in tracking.

4. Integration of Detection and Tracking

The flowchart of the whole framework is illustrated in
Figure 1, called “Detect-then-Detect-and-Track” (DtDaT).
When the small object declares “occluded”, a counter reckons
the number of continuous frames in which it is “occluded”.
Once the number is over athreshold (it is 5 in this paper), the
object is “lost” in tracking. The tracking algorithm using APF
is shown in Figure 2.

With the particle set { (X, 7)) |i =1,..,N} at time t-
1, we proceed at time't as follows:

e Predict: |If O, =1 estimate motion v, and
prediction error J7 Otherwise v, =0, R =R, - For
i=1,...,N, smulate X ~ N(X") +V,,R);

e Update: For i=1...N, nfi) =P(Z, |xt(‘)) by (6),
conssting of the intensty, motion and detection
likelihood terms.

* Resample (if necessary): with the particle weight
set{7") |i =1,..,N}, run residual resampling (its virtue
lie in insensitivity to the particle order compared with
other techniques). Replace {(Xt“),nf”)“ =1,..,N} by
{(XO1/N)|i =1,..,N}.

* Edimate: If O,_, =1, output the average of all

particles; Otherwise, select the particles (one or more)
with the maximum weight and output the average of
them. Detect occlusion for O, setting. If O, =1, handle

drifting by template update.

Figure 2. APF-based small object tracker with detection

5. Experiment Results

As a case study, the proposed algorithms are applied for
ball localization in soccer game videos. The two testing
videos in the following examples are “France” (260 frames at
360x288) and “Belgium” (375 frames at 360x240).

Figure 4. Tracking (Video “France”, frames 174, 177)
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Figure 7. Detection and tracking accuracy in ball locdization. Vertical axis corresponds to location error in pixels.

The object template size is decided by the strong detector,
estimated as 5x5 and 7x7. The number of particles is 200.
Results using the proposed algorithm are given in Figures 3-7.
For all the figures, the yellow ellipse shows the ball position
and size, and ellipse in black means a state estimate with the
lowest confidence. For clarity, a zoomed portion from the
pink areais shown on the top left corner of each image.

For the occlusion case in video “France”, Figure 3 shows
that the proposed method finds the ball when it reappears
from occlusion as the most ambiguous case in tracking; while
Figure 4 illustrates the proposed method follows the ball
when it has left the field lines for the “clean” grass field.

When the player kicks the ball or strikes the ball strongly
with the head, heavy motion blur happens. At this moment,
the tracker cannot follow the ball since its appearance is
extremely distorted. As explained, the proposed strategy
resorts to restarting the strong detector; a couple of examples
of such stuations are shown in Figure 5 (video “France”) and
Figure 6 (video “Belgium”).

Figure 7 shows the accuracy of combined detection and
tracking for video “Belgium” (the ground truth was obtained
manually). Several high peaks in the ball location error curve
indicate tracking failures.

Figure 6. Fast motion (Video “Belgium”, frames 84, 87)

6. Conclusions

Combination of detection and tracking provides the
capability to handle small object localization. In this paper, a
novel scheme of integrating them into an adaptive particle
filter is proposed. Two different detector roles are clarified in
this integration, i.e. a strong detector to trigger the tracker
and a weak detector to enhance the tracker. In the tracker,

some modifications in the particle filter are presented to cope
with the cluttered background, occlusion and motion blur due
to the object’s fast and abrupt motion. As a special case, the
proposed framework is applied for ball localization in soccer
game videos and experimenta results demonstrate its
efficiency and robustness.

Future work will focus on detection/tracking of a larger
object around the detected/tracked small object since this
larger object may provide more information related to the
small object, meanwhile multiple-object-tracking is handled.
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