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Abstract— This paper proposes a procedure to char- expected error into the filtering procedure, the functional
acterize segmentation-based visual tracking performance relationship between the image data and the segmenta-
with respect to imaging noise. It identifies how imaging tion quality must be ascertained.
noise affects the target segmentation as measured through 2o o .
local shape metrics (Sobolev and Laplace metrics). Such The principal co_r_ltrlbutlons of the work includex
a procedure would be an important calibration step prior ~methodology for utilizing a proven contrast parameter to
to implementing a visual tracking filter for a given need. derive expected segmentation errors that are geometri-
We utilize the Bhattacharyya coefficient between the target Ca”y re|evant, an empirica] procedure for |dent|fy|ng the
and background intensity distributions to estimate the optimal filter gain given the measured contrast, and the

segmentation error. An empirical study is conducted to . . e L
establish a correspondence between the Bhattacharyya US€ of the optimal gain for probabilistic shape filtering.

coefficient and the segmentation error. The correspondence  Organization:Section 2 covers the contrast parameter,
is used to adaptively filter temporally correlated segmen- the shape metrics, and the characterization procedure.

tations. Preliminary results show improved performance The filtering strategy and its relation to the error esti-
when compared to fixed gains. mates are discussed in Section 3. A proposed adaptive
Index Terms — Contour tracking, observers, contrasigpane filter is tested and compared against ground truth.

parameter, shape metrics. Section 4 concludes the paper.
|. INTRODUCTION Il. QUANTIFICATION OF SEGMENTATION ERROR
This paper considers the problem of achieving accu- THROUGH A CONTRAST PARAMETER

rate segmentation-based tracking in the face of imaging Suppose that the target is a single connected object in
noise. Obtaining noise models is an essential step the image to process. Lét,, and P,,; be the intensity
understanding how to deal with such issues. For imagsrobability distribution functions (pdfs) of pixels ingd
segmentation needs, noise models lead to analyticghd outside the object, respectively. Local to the object,
methods for optimizing segmentation strategies [9], [10]an algorithm’s ability to segment is directly related to the
Alternatively, algorithmic improvements may be pro-interior and exterior pdfs. Segmentation ability is rethte
posed. There are a few main classes of such mogb how distinct the distribution®;,, and P,,, are (see
ifications. One involves improving the mathematicakFigure 1). When there is significant overlap between the
model and the discrimination energies associated witfarget and background distributions, the segmentation is
the segmentation process. The second involves imposifigone to errors. Conversely, when the distributions are
shape constraints on the target model [8]. These classgistinct, the segmentation is reliable.
of improvements have been shown to also improve 1) Distance between pdf'sThe Bhattacharyya coef-

associated segmentation-based tracking algorithms [Zjcient between two distributions and ¢ is defined as
A third class, uniquely suited to video, is to introduce

filtering schemes [3]. B(p,q) = / \/ Pin () - Poyt () da.

The spatio-temporal correlation between video frames
should provide sufficient information to remedy poorlt is a similarity measure between pdf’s that varies in the
segmentations arising from imaging noise that cannwsange[0, 1]. High values of3 indicate overlapping pdf’s
be handled by optimizing the individual segmentationgand suspect segmentations), while low values indicate
This paper provides an analysis of noise on the seglhstinct pdf's (and reliable segmentations).
mentation procedure and determines its effects utilizing 2) Distances between curveSeveral metrics [1] ex-
curve comparison metrics [11], [14]. With the expectedst to quantify the result of a segmentation given ground
error rates, it is possible to demand a corrective gaitruth. While [10] utilizes the number of missclassified
for handling the expected segmentation error arisingixels, this work utilizes curve metrics. The Sobolev
from imaging noise. In order to properly incorporate thalistance [11] is a shape metric for curves implicitly



defined by a signed distance function; it computes point-
wise errors between the two curves’ signed distances.
The Sobolev distance provides a local measure of curve
mismatch. The Laplace distance [14] is a metric on
the space of curves that locally provides the distance
between curves, by computing the length of unique
correspondence trajectories between the two curves.

3) Segmentation error vs contrast parametétere, ons |
we study the influence of noise on the segmentation >
process and use the Bhattacharyya distance in order

to predict the segmentation error. Each sensor and vi- .= | o /\

sual tracking application will have different noise level
characteristics and tolerances. The process presentec™
here should be viewed as an important calibration step
to perform before using a segmentation algorithm foFig. 1. Image samples and corresponding taget/backgroistidbd-

tracking: it characterizes the nominal performance anpns. The left column represents a scenario where the pdé'slearly
separated { = 0.12). The right column represents a scenario where

res_pon;e t(_) imaging nqise- The empirical uncertaimﬁ‘le pdf's overlap significantlyd = 0.75). The true pdf's are given
calibration is described in what follows, where we usey thick lines while Gaussian-fitted pdf’s are shown with flimes.

Bayesian segmentation [4], [5] on the image data.
Protocol: First, begin with a collection of shapes that
will form the ground truth (preferably from an existing 1 ;
video sequence). Select the interior and exterior distri-
butions to be Gaussiat;,, out = N (*; fin,out; Tin,out)-
With 1455,/ ftowr and oy, /o0ue the interior/exterior Gaus-
sian parameters. Add zero mean Gaussian noise with
standard deviatiow,,,;sc > 0 to the images. For each
choice of 0,,.:5c, generate a set of corrupted images. S O 02
Perform segmentation to yield curves partitioning the — oo—r . L
images into target and background regions. Determine Bhattacharyya Distance Bhattacharyya Distance
the contrast coeff|C|e|_'1t, a_s given by _the _Bh_atta_Charyﬂ . 2. Segmentation error as a function of the Bhattaclzaryy
distance between the interior and exterior distributions Qoefficient between the target and background distribation
pixel intensities, using ground truth. Compute the curve
estimation error using the Sobolev and Laplace shape
metrics. With these measurements, derive the expectdte spread between the curves is larger. Still, the mean
segmentation error as a function of the Bhattacharyyeurve provides a consistent measure of the expected
distance. segmentation error given the Bhattacharya measure. The
Experiment: We used a collection of 36 different wider spread is due to an increased dependency on the
shapes both artificially generated, and hand-segmenteblape. For sufficiently low noise levels, the segmentation
from real images. The collection of shapes consideregfror is fairly independent of target shape. For significant
included circles of different radii, walking people, andnoise levels, the segmentation algorithm performance
fishes. For each noise levet,,.;s., 180 realizations also depends on the local curvature of the shape (be it
of noisy images were generated. Figure 2 depicts tHggh or low). Such behavior is expected given that many
experimental curves giving the segmentation error asegmentation methods utilize curve smoothing priors
a function of the contrast parameter. The mean cunduring the optimization process. The error spread for
is given by the thick line curve, and serves as d&igh § values reflects the dependence of the error on
first approximation to the segmentation error given théhe local shape curvature and the influence of the curve
Bhattacharyya coefficient. Using the fit, the Bhattachryamoothing terms in the segmentation algorithm. Above
measure will map to the expected segmentation error.a certain noise leveld > 0.7), target and background
When the target and background are clearly separal#¢e no longer separable; the segmentation results are
(8 < 0.4), the error dependence gh is independent meaningless (the smoothing terms dominate).
of shape. Due to the clear separation, the segmentations
have low error. A Bhattacharyya coefficient betwéeh
and0.7 represents the transition region from moderate to This section describes the probabilistic filtering strat-
poor separation of target and background. In this rangegy used to spatio-temporally constrain the individual
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segmentations from a video sequence. Essential to many 1
filtering strategies is a gain factor that modulates the 0sf
influence of the measurement versus the prediction [12].
The error characterization process described above as-
sessed the measurement uncertainty asociated to imaging
noise. A mapping of the measurement uncertainty to the
optimal gain is now sought. In what follows, we describe
the probabilistic filtering strategy and the empirical

Optimal Gain for the shape correction
o
o

evaluation of the optimal gain. It is a modification of o1f
the deformotion filter [7], and is described further in % 01 o0z 03 o4 05 o5 07 08
[13] Bhattacharyya Coefficient between inside/outside distributions

4) Filtering Strategy: The visual track filter operates Fig. 3. Optimal gain as a function of the Bhattacharyya coieffi.
via interlaced prediction and correction steps. The filter
decomposes the tracking procedure into two compo-
nents: a rigid state (pose) and a non-rigid state (shap&ne way to generate the error vector field between prob-
The pose consists of translatiop, and translational ability fields X.,..(P,,, P~) is to compute the optical
velocity, &, in R2. The shape state implicitly representsflow between the measured and predicted shapes. The
the curve by a probability field?. The probability field parametersk,, and K, vary in [0,1]. If the shape
implicitly defines the shape curve by thé% probability  velocities are not measured, thém,, = 0.

contour. The shape velocity is a vector field BA, ©. Due to the nonlinear nature of shape, there may be
The prediction step evolves the observer state usingaanonlinear relationship between the expected segmen-
constant velocity model: tation error (via Sobolev of Laplace metrics) and the

optimal shape correction gairds, during tracking. A

g =&, =0, > _ :

g ¢ 5 second experiment was performed to identify the rela-

P=VP-6, ©=0, tionship between the Bhattacharya coefficient and the
to generate the predicted statgs , ¢, P—,07). optimal gain. Because the gaiis,, and K, operate

Given a segmentation of the current image, the medP @ vector space, we do not optimize them.
surement for the current image is generated as follows. Protocol: Take video sequences with ground truth and
Align the predicted shape with the segmented shap#lect a known amount of noiser,.isc into the se-
which will provide the translational component,,, of ~quences similar to before. For gain valuésn the range
the measured shape. The segmentation, after registratidnl]. perform the experiment at each realization of the
and possibly also conversion to implicit density formnoise level (with fixedi’,, and K,,). Quantify, via the
provides the shape measuremehy,. If desired, mea- Sobolev or Laplace metrics, the tracking performance of
surement of the shape velocitié3,,,, may be obtained the filter at the different gain levels. Collect the results
through the use of optical flow [6] between the currentogether to obtain the optimal gain as a function of the
and previous images. Bhattacharya measure.

Once the measurement is complete, a correction Experiment:The protocol was followed for a single
procedure is applied to generate the current estimat@age sequence. There were 240 different configurations
of the track signal, with decoupled pose and shap®@r the inside/outside distributions, and the gain sweep
corrections. The pose correction is performed using Went in increments 0f.05. The resulting functional
Kalman filter update on the combined pose and pogéependence is given in Figure 3. The optimal gain for
velocity (g, &) sub-state. The shape correction is donéhe Sobolev metric gives an almost linear dependence for

using a geometric filtering strategy on the probability@bout3 > 0.15. The optimal gain for the Laplace met-
field and its complement, ric has slight nonlinear dependence, but approximately

1-K (Po)¥ follows the trend of the Sobolev metric optimal gain.

Pt =(P)
0 =(1- P*)l K (1- Pm)K’ IV. EXPERIMENTS AND RESULTS.
after which P+ and Q* are re-normalized, but only - For the experiments, we used a synthetically corrup_ted
g L 7 infrared sequence from OTCBVS and a naturally noisy
P* is kept. The parametek” varies in the rang@, 1]; . 4
L . aquarium sequence. The sequences were tracked with
lower values favor prediction and higher values favor ) .
constant filter gains. Then we used the Bhattacharyya
measurement. . ’ . L i
) e g distance to adjust the gain. Because it is unrealistic
Correction on the velocity field is given by g .
to assume ground truth is available, we computed the

0T =07+ Kyy* Xepr (P, P7) + Kyy - (O, — ©7). Bhattacharyya distance with the interior/exterior distri



butions generated by the segmentations. Performan
evaluation used the Laplace metric in conjunction witt
hand-segmentations (ground truth) of the sequences.
Figure 4 shows the results obtained on the infrare
sequences for different noise levels. The adaptive ga
has good overall performance compared to fixed gain =N
For naturally noisy sequences with variable noise Ievelé) Sample frame (320x240) (b) Ground Truth
as in the aquarium sequence (framésand60 depicted
in Figure 1), the Bhattacharyya coefficient proves to b
efficient at triggering shape correction when necessa
and assessing the extent to which such correction nee
to be performed. Figure 5 shows the Laplace erro
as a function of time. The adaptive filter tracks well

4 28 31 4 28 31

throughout.
(c) Fixed Gain K =1 (d) Fixed Gain K = 0.7

V. CONCLUSION

This paper presented a procedure to characterize t
behavior of segmentation algorithms in the presenc
of noise. The Bhattacharyya coefficient between targg
and background distributions proved to be useful fo i ;
assessing segmentation error. Experiments on noisy <% T ; T
quences verified the ability of the Bhattacharyya distance

. . . . L (e) Fixed Gain K =0.4 (f) Variable Gain
to assess imaging noise for adaptive shape filtering.
Future work seeks to perform the same analysis for color A
images. | | ]
[ IFixed GainK = .3
I Fixed Gain K = .1
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