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ABSTRACT

In this paper we presented a tracking of multiple objects from a given video dataset. Multiple objects can be tracked
simultaneously using Kalman filter and optical flow algorithm. We presented improved optical flow algorithm which
not only gives better accuracy but also handles occlusion in a video. So, improved optical flow algorithmis found to
be more promising asit gives better accuracy in less computation.
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INTRODUCTION

Object tracking is a crucial task within the fiedd computer vision. There are three important stiepsideo
analysis:-interesting moving objects detectiongkilag of such objects from frame to frame, and gsialof object
tracks to recognize their behaviours. The compjegit object tracking is due to the noises in imageene
illumination changes, complex object motion, andtiph and fully objects occlusion. Most of the tkaugy
algorithms assume that the moving objexives in smooth and no sudden change.

RELATED WORK

Numerous techniques have been proposed for mulbipject tracking. However, in this section only fevell-
known techniques have been described in two diffesispects:
1) Kalman filtering for objects tracking; and 2) tal flow for objects tracking

Tracking Using Kalman Filters

Kalman filter recursively estimates the state &f thrget object. Kalman filtering is vastly usedlifierent domains
like object tracking, economics and navigation sys. But here we would only review it for objeetdking. A new
method was presented by Liu et ] which combine properties of EKF and unscentednian filter (UKF) for
non-linear object tracking. Here, EKF is kept cami@nal but the deterministic sample is taken bygoaemted
transformation. Then posterior mean of nonlineastpoted by propagating sample, but the postedeariance of
nonlinearity is kept linear. Berclaz et ] propose an algorithm for frame-by-frame detmetand linking the
trajectories of an unknown number of targets fottimnbject tracking using K-shortest path optimipat Zhai et al
[5] propose an approach to track an object by aadya model from a finite set of models. As the t@ngodel
assumption could cause tracker unstable if theetdrgs complex trajectory or the camera has aleggimotions.

Tracking Using Optical Flow

The Lucas & Kanade [7] algorithm presented a newhotkthat uses spatial intensity gradient infororato direct
the search for the position that yields the bestcmaHorn and Schunck [2] assumed that reflectance warie
smoothly and has no spatial discontinuities. Thisuges them that the image brightness is diffaabl#ti Object
tracking for moving object through motion vectorcalculated through optical flow algorithm and Blabalysis for
binary feature of an image is calculated. Traclofhgbject is measures by the position done by trackn region
filtering and the information of the object is creh an estimation of new object [8Dptical flow estimation is used
in many applications. Vehicles navigation, vide@aga reconstruction and object tracking are somenpbas [6].
Through optical flow estimation, motion parametefsmoving objects can be obtained and at the same, t
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phenomena of occlusion and overlapping of objeciy e avoided as far as possible [9]. Even thowyersl
researches are performed on tracking moving obfbeetssuffer from the issue of occlusion handling.

OBJECT TRACKING USING KALMAN FILTER

Kalman filter is region based method for finding tregions of object in the next frame. The cenfeolgect is
finding first, and then uses Kalman filter for pigdhe position of it in the next frame. A Kalméher is used to
estimate the state of a linear system where the sassumed to be distributed by a Gaussian. &alfiitering is
composed of two steps, prediction and correctioshasvn in Fig. 1.For the motion model of a movirgeat
(which contains some kind of dynamic noise), anthesaoisy observations about its position, the Kalrfiker
provides an optimal estimate of its position athetime step. The optimality is guaranteed if aliseois Gaussian.
Then the filter minimizes the mean square errothefestimated parameters (e.g. position, velocithie Kalman
filter is an online process, meaning that new olet@ns are processed as they arrive. To formadtalman filter
problem, we require a discrete time linear dynasyistem with additive white noise that models unjutedle
disturbances. The Kalman filter tries to estimdie statea € R» of that system which is governed by the vector
difference equation:

ag = Xag_1 +Yby +cp_q 1)
with a measurement: t, = Iay, + dy (2)

The random variables,, d, represent the process and measurement noise tigspyec hey are assumed to be zero
mean, white noise with covariance matrixgsR respectively. The matriA is called the state transition matrix and
relates the previous staig ; to the current statey, if no noise was present. The sizedofs n x n. Matrix B is
optional and relates the control input (if arty) € R! to the stateax. Finally, the n X [ matrix, relates the
measurement t; to the state dk.

The Kalman filter maintains the following two esttas of the state:
e da(klk — 1), which is an estimate of the state at tinep-&t given knowledge of the process up to stepl.
It is an a priori state estimate at time-step
e d(klk), which is an estimate of the process state a¢-8tepk given the measurement. It is an a
posteriori estimate of the state at time-step
It also maintains the following two error covarianmatrices of the state estimate:
* E(kJk — 1), which is the a priori estimate error covada ofd (klk — 1)
»  E(kJk), which is the a posteriori estimate error covar@ofa (kl|k)

Measurement
ty
J L
FiREDICT CORRECT
a(klk - 1) a (k|1
(klk - 1) (k|8

1T

Initial Values
a(11), E (1/1)

Fig. 1 The Kalman filter Predict/Correct model

A recursive minimum mean-square estimator, sucKaman, operates in two phases on each time-steéfphe
firstone is the prediction of the next state ested@a(k|k — 1) using the previous one. The second is theection of
that estimate using the measurement, to obfaik|k). Initially, @ (1|1) andE(1]|1) are considered known. To
maintain those estimates, the following operattake place. In the prediction step:

1. State prediction: aklk-1)=A-a(k-1k-1) 3)
2. Error covariance prediction: kJk - 1)=A- (k- 1k -1)- AT +Q (4)
In the correction step:

3. Measurement prediction: £ (klk - 1) =H - £(kk — 1) (5)
4. Residual rie =t —t (klk — 1) (6)
5. Measurement prediction covariandé; =1- (k|k — 1)- 1" +R @)
6. Kalman gain: Cr = (klk — 1)-1"- U-1 (8)
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7. State update: a(klk) = a (klk — 1) +Cpry 9)
8. Error covariance update: klk) = (klk = 1) —=Ci - Ug - CT (20)
So to initialize the Kalman filter, we have to daefithe state transition matu the state measurement matfiixthe
two noise covariance matric& Q and at each time step to feed the filter with asneement [10].

Multiple objects can be tracked easily from theeddlataset as shown in Fig. 2, while kalman fédigorithm tracks
multiple objects but it is failed to track occludebjects as shown in Fig 3. Also tracking is somatwdifficult if
there is change in velocity of moving objects.

Fig. 2 Object tracking by Kalman filter Fig. 3 Object tracking by Kalman filter under occlusion

OBJECT TRACKING USING OPTICAL FLOW

Optical flow or optic flow is the pattern of appatenotion of objects, surfaces, and edges in aaliscene caused
by the relative motion between an observer (anogygecamera) and the scene. It is the displacefigatfor each
of the pixels in an image sequence. It is the ifistion of the apparent velocities of objects iniarage. By
estimating optical flow between video frames, oae measure the velocities of objects in the videgyeneral,
moving objects that are closer to the camera vslldy more apparent motion than distant objecis dhe moving
at the same speed. Optical flow estimation is usecbmputer vision to characterize and quantify mtingtion of
objects in a video stream, often for motion-badgig¢at detection and tracking systems.
The experimental brightness of any object poimtaisstant over time. Close to points in the imagam@lmove in a
similar manner (the velocity smoothness constraBitippose we have a continuous image; f{x, y, fgreeto the
gray-level of (x, y) at time t. Representing a dyi@image as a function of position and time pesniitto be
expressed.

» Assume each pixel moves but does not change ityensi

» Pixel at location (x, y) in framel is pixel at ()¢, y+Ay) in frame2.

» Optic flow associates displacement vector with gzighl.

The optical flow describes the direction and tinieefs in a time sequence of two consequent dimeasieelocity
vector, carrying direction and the velocity of nootiis assigned to each pixel in a given place efgitture. For
making computation simpler and quicker we transiier real world three dimensional (3-D+time) objectsa (2-
D+time) case. Then we can describe the image Ilyeo2-D dynamic brightness function of I(x, y,Rrovided that
in the neighbourhood of pixel, change of brightnessnsity does not happen motion field, we canthsdollowing
expression

[ (x,y,t)=1(xX, Yy +dy, t+5t) (12)
Using Taylor series for the right hand part of thewe obtain

I(x 3%y +dy,t+ ) = [(x,y,t) +§—i§x+§—;6y+%6t+ H.0.T (12)
From equation (11) and (12), with neglecting highieter terms (H.O.T.) and after modifications wé ge

Leve +L.vy, = =1, (13)
or in formal vector representation

VI.D == —I, (14)

whereV! is so-called the spatial gradient of brightneserisity and? is the optical flow(velocity vector) of the
image pixel andl, is the time derivative of the brightness intendjy[hus optical flow can give significant
information about the spatial arrangement of theatb viewed and the rate of change of this arnanegg.

Multiple objects can be tracked easily from theeddlataset as shown in Fig. 4.It shows origina¢eifirst, then
motion vectors calculated can be seen in secondlomin Third window showing objects segmented due to
thresholding and the last window shows multiplesglg being tracked.
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Fig. 4 Multiple object tracking using optical flow from random frame

IMPROVED OPTICAL FLOW ALGORITHM FOR OCCLUSION HANDLING

While optical flow algorithm tracks multiple objecbut it is failed to track if there is change rteinsity of moving
objects. It was not able to track occluded objedt®. We have improved existing optical flow algjom for
handling occlusion.

Improved optical flow algorithm for Occlusion handling

Input V < Video file

1. Extract horizontal and vertical componentsmtiaal flow with varied frame difference delay.

For linear function:- Aix+Ajy+A,=0 (15)
Where 4;, A; and4, are the spatiotemporal image brightness derivative
x is the horizontal optical flow angt is the vertical optical flow.
(x,y,Vt) where Vt is frame difference delay.

2. p<€ compute mean for each frame // Find the meandoh érame

3. Vmeg€ median () // Apply median filter for removal ofise

4. Apply morphological close and erosion operatiareach frame

5. For each frame € Video

6. Estimate optical flow. The optical flow vect@e stored as complex numbers. Compute their matggquared

which will later be used for thresholding.

7] 7] L g
E = [[(Aix + Ay + A)didj+oc [[{(5)*+ G)? + GD? + G did) (16)
In this equation‘;—’i(and‘;—’]fare the spatial derivatives of the optical velocitynponenk, anda scales the global

smoothness term. E is estimation of optical flow

7. Compute the velocity threshold from the matificxemplex velocities.
_ AiApx AT AR)

m+1 _ B 3
x"] xl] o<2+Ai2+AI.2 (17)
_ Ai(Aixi iTM+Ajy; i+ Ak)
m+1 _ m JASR D] JEdD)
Yij  =Vij — (18)

L o2 +A;%+A;?
In this equation, ], yij] is the velocity estimate for the pixel at, ), and k;;",y;;"] is the neighbourhood

average off/";, y/";]. Form=0, the initial velocity is O.
8. Ifframge<al/l 0 < Threshold the image.
End for
9. Thin_frame=morph_thin (framg //Apply thinning to the Obijects to fill the holésthe blobs.
10. Compute area> function_area (framp// Estimate the area and bounding box of thelob

Area = (Xmax — Xmin) * (Ymax — Ymin) (19)
11. Draw bounding boxes around the tracked objects.
12. Calculate and draw the motion vectors.

dx=x'_x=fx(a'x'.V)'dy=y'_y=fy(bﬂxﬂy) (20)
Where x, y-location in previous image,, y -location in current image a, b- motion vector dioegnt and
d,,d,- displacement
13. Display results with tracked videos.

Hence tracking of objects from a given video ddtass become efficient as we are able to track mareber of
objects as well as occlusion can also be handledgithe tracking as shown in Fig.5
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Fig. 5 Multiple object tracking using optical flow under occlusion

PERFORMANCE ANALYSIS

We observe the performance of the algorithms umeédous conditions on MIT Traffic video datasetsd®wn in

Table 1. We observed that kalman filter algoritrengood for detecting moving object; moderate fghting

changes, roped frames, similar background shapedas background colours but it is bad for dimHtgvideo

dataset, low resolution videos, stationary object ehange in velocity. Whereas optical flow alduritis good for
detecting moving object, similar background shagasijlar background colours and change in veloaitgderate
for dim, bright video datasets and dropped framgstlperforms bad for low resolution video andhligmg changes.
Improved optical flow algorithm is moderate withndibright, dropped frames and lighting changess biad only
for stationary objects but good for moving objestith similar background shapes and colours and gdeal if there
is change in velocity. The tracker has been testetbr some tracking videos. To evaluate the pedooa of our
method we use the accuracy measure. Tracking mettend be evaluated on the basis of whether thegldeeto
track objects in a video. Given a ground truth, gbeformance can be evaluated by computing accureasure. In

the context of tracking, the accuracy can be ddfame

Correctly Tracked
Accuracy = ————— 21
y Total objects ( )

Correctly tracked is the number of objects which detected and tracked correctly by the trackiggrihm. And
the total Objects term is the total number of otsién video. Another parameter time is also tedtediracking
algorithms. Accuracy of algorithms is shown in T@Bland also graphical form in Fig. 6.

Table-1 Performance Analysis of Kalman, Optical Flow and Improved Optical Flow Tracking

Algorithm Kalman Filter Optical Flow Improved opdicflow
dim bad Ok Ok
bright Ok Ok Ok
Lighting changes Ok bad Ok
Moving object good good good
Stationary object bad bad bad
Dropped frames Ok Ok Ok
Low resolution bad bad Ok
similar back ground shapes Ok good good
Similar back ground colours Ok good good
Change in Velocity bad good good
- B Accuracy
100% -+

25%

20%

85%

B0%

5%

Ealman Filter Optical Flow Improved
optical flow
Fig. 6 Graphical representation of accuracy of algorithms
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Table-2 Accuracy of Kalman, Optical Flow and I mproved Optical Flow Tracking

Algorithm Accuracy | Time required to track objeqts
Kalman Filter 85% 3-5 minutes
Optical Flow 90% 2-3 minutes
Improved optical flow 96% 1-2 minutes
CONCLUSION

In this paper we presented a tracking method focgssing video data in order to perform trackingahyachine
vision system. It summarizes as multiple objects lba tracked simultaneously. It can control somabi@m of
multi object tracking, such as appearance and peapnce of objects, and missing of an object .Ayabthe
methods reviewed, improved optical flow algoritrerfound to be more promising as it gives betteusay in less
computation time. The present work can be exteralieker by using more tracking algorithms and cormzatheir
performance accordingly to achieve more accuratso #ve will try to test our algorithm on real timileos.
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