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ABSTRACT

An interval recursive least-squares (RLS) filter is developed to
produce state estimation and prediction by narrow intervals,
in which true values are contained with high confidence. The
interval filter is robust to variations of the filter parameters
and state observations. Using this filter, a video target track-
ing algorithm is proposed to estimate the target position in
each frame. The tracking algorithm is robust to both noise in
the video sequence and estimation error of the affine model.
The experiments show that the tracking algorithm using the
interval RLS filter outperforms that using an RLS filter.

Index Terms— Robust filter, interval estimation, recur-
sive least-squares, video target tracking

1. INTRODUCTION

Kalman filtering [1] and recursive least-squares (RLS) filter-
ing [2] are efficient algorithms to estimate and predict states
in discrete-time linear dynamic systems. They have wide ap-
plications such as radar and image tracking, airplane navi-
gation, and chemical process control. However, using both
methods, state estimation and prediction are sensitive to fil-
ter parameters and state observations. Even if those param-
eters and/or observations have small errors, estimation and
prediction could be far from true values. In reality, it is chal-
lenging to obtain accurate parameters and observations due
to noise, modeling error, or measurement limitation. Specifi-
cally, for tracking video targets using an RLS filter [5], when
video quality is degraded by noise, the estimation errors of the
affine model parameters are nontrivial. Therefore, the target
position estimation may deviate from true values in the cur-
rent frame, the predicted search region can drift away from
the target in the next frame, and the transformed target tem-
plate may be different from the target appearance in the cur-
rent frame. Thus, their accumulative effects can cause a loss
of target lock. To address the issues of sensitivity and uncer-
tainty, parameters and observations are allowed to vary within
given ranges, resulting the development of robust methods.
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For instance, with interval filter parameters and state obser-
vations, an interval Kalman filter [3] produces robust interval
state estimation and prediction. However, in applications such
as tracking video targets, state noise stream and observation
noise stream can be temporally dependent or cross-correlated.
The interval Kalman filter may not preform well in this case.
It also degenerates when noise covariances are impossible to
estimate in real time.

In this paper, an efficient RLS filter using interval arith-
metics [4] is developed to give narrow interval state estima-
tion and prediction containing true values with high confi-
dence, where filter parameters and observations are assumed
to vary in closed intervals. This interval RLS filter is robust to
variations of parameters and observations. It does not require
noise covariances, and with convoluted noise dependency, the
performance may greatly exceed that of interval Kalman fil-
tering [2]. A video target tracking algorithm is then proposed,
which uses the interval RLS filter to estimate the target posi-
tion. It is robust to the error of the affine model. The perfor-
mance is evaluated by tracking a rigid and deformable target
in the respective two real-world video sequences.

2. INTERVAL RLS FILTERING

Anm x n interval matrix is denoted by M T = [M (i, j)]mxn
or M = [M, M],nxn, where M’ (i, j) represents an interval
element at the i*” row and the j** column, M, M € R™*"
represent the lower and upper limits, respectively. A linear
time-varying system with interval parameter matrices and ob-
servations is formulated as follows:

Xit1
I
YVijn =

AL X+ ¢&, (E=0,1,2,..,) (1)
By X1 + Nkt (2)

In the state equation (1), Xg, &, A,IC and X4 represent an
n x 1 state, state noise, and n X n interval dynamic matrix at
time k, n X 1 state at time k& + 1, respectively. In the observa-
tion equation (2), Y,/ |, x+1 and B, represent an m x 1
interval observation and observation noise, m X n interval ob-
servation matrix at time k + 1, respectively.

Since the associative law does not hold for interval ma-
trices, new rules for multiplication of three and four interval
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matrices are regulated to narrow results as follows:

Wi Wy Wy =((W{ W) W) 0 (W (W3 Wy))  (3)
W Wy Wy Wi =((W{ Wy - W ) W)N(Wy (W3 Wy - W)
4)

Let Q = {Z,Z:7, : Z, € ZI, Zy(Positive semidefinite) €
73} Define Fy (Z1,23) = z{- 2 -(z]) , Ry (21, 24) = 77
where at i = j,

Zi,5) = i (Z{(i,n))*Z3(n,n) )
+ ;:Z Z1G,n)Z1 G, k) ZE (n, k),
k>n
and at i # 7,
2.5 =3 ZGnZ G A+ ©
n=1
Y (2L Z{ (G k) + 21 (i, k) Z{ (j,n)) Z3 (n, k).

k>n

The square of an interval used in (5) is defined by v! = [v, 7],

[v?,57] T>0>0
) =4 [ v<TLO
[0,max{v?,7?}] w<0<7T

In interval arithmetics, sub-distributivity law holds i.e., for
intervals v{, vl v, (vf + vl vl C vivl + vivl. Thus, the
interval expression inside the second sum of (6) is better. In
2
fact, O C F3(Z1, 75 = N F,(Z1, Z%). Since all possible
i=1
matrices, Z1Zo Zi, in ) are positive semidefinite,

Fu(z{,23) = (Fs(2{, ) n W) (\(Fa(2], Z) n W),
Y

where

I/ - [Of+OO] 1=
(”):{ P(ZE ZD)0g) i

Fy(z1, Z}) still includes all Z; Z»Z,, and it is narrower than
any other F;(Z{, Z1).

Denote an identity matrix by I and a forgetting factor by
A. Using (3), (4), (7), positive definite properties of some ma-
trices, and intersection of multiple different interval matrix
expressions extended from the essentially same matrix for-
mulations, interval filter is given below to obtain narrow state
estimation at time k + 1, X/ and one-step-ahead pre-

diction at time k + 2, X/
RLS filter [2].
Initialization:

k+1/k+1°

k2415 which is extended from the

0/0:P =al(a>0), A ®)

Recursion:
Ugh” = (M + Fa(Bi AL P)) W™ 9)
N [+ Fu(Bi1 AL BD) T 0 W, ﬁﬁp]la
where
W,fﬁp(,j)_{ e, oc] I Al pIy\\—1(; - Z:]
(M + Fu(Byyy Aps Pp)) 1 (6,7) i#7
ande ~0ande > 0,
Ly = PBl-(A) - (B - U8A" (10)
UIcLﬁA = L£+1 ‘ Bl€+1 ‘ Aé (1)
N PIE((AD Fa(BlLy)  UZAT))
UI?—Q—LlB = AI L k+1 Bk+1 (12)
N Fu(AL, POE((BL)  UPAD))
UL = AL, (13)
ﬂ F4(A£7Pk) ’ (BI£+1) U/iAlP
Uy = NHAL-(I-UERY - PL-(AD) (1)
N FuAL (= UEY R
N (- U Fu(AL, P}
Ply = WL nwWE)NWEL nWEL) (19
where o
e ={ G 17
X1£+1/k+1 (16)

AL(X{ i+ L (Yey = Biga - Ak - Xi )
{(I —UEP) - AL - X

D

+ (A% Ly - Y nURR w1,

XI£+2/I€+1 = AII€+1XI£+1/I€+1' 17)
Calibration: If widths of some interval elements in X ,g 1k
are greater than a threshold vector, 7', then

Xl£+1/k+1 :CI£+17PkI>+1 = D. (18)

Remark 1.

(i) The above interval RLS filter includes solutions of the
RLS filter to all possible realizations to the uncertain system.
(i) C{ ., is assumed to be much narrower than X/ k1 1D
(16), and be near to or cover the true state with high confi-
dence. Since the interval estimation in (16) and prediction in
(17) may be too wide to provide satisfactory information, the
calibration step (18) is added to reinitialize the iterative pro-
cess, narrow the results, and inhibit divergence. Calibration
is necessary only when some interval elements of X 41k
in (16) become too wide because the narrow and accurate in-
terval, C[ |, usually requires more prior information or other
time-consuming methods. (iii) State prediction based on the
calibrated interval estimation is also narrowed.
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3. VIDEO TARGET TRACKING ALGORITHM

A three-step iterative algorithm for tracking video target using
interval RLS filtering is proposed in the section. Let (v!) =
E;E representing the center of an interval v!. In order to de-
scribe a transform from a homogeneous Cartesian coordinate

21 =[x y 1] atthe k' frame to another coordinate
z=[% ¥ 1] atthe(k+ 1)" frame, an affine model is
defined by
ai(k) az(k) ao(k)
(Zl — 22) = (l4(k) a5(k) ag(k}) z1
0 0 1

where parameters ao (k) and as (k) reflect the camera transla-
tion, and a1 (k), az(k), as(k), as(k) are for scaling and rota-
tion. A target in the initial frame (k = 0) is selected with a
bounding box denoted as B;(0). The tracking algorithm starts
from this initial frame.

The first step is to obtain the affine model. The param-
eters, a;(k), are estimated by the fast geometric constraint
global motion (fast GCGM) estimation [5] with levels from
coarsest to finest. The result is denoted as a} (k), and a small
perturbation 6} is added. Starting from a} (k) + §7, the fast
GCGM estimation is implemented at the finest level to ob-
tain another estimation, a?(k). L-time estimates are gener-
ated based on the last one with an added small perturbation.
Then, an interval estimation, a!(k), is formed for each pa-
rameter, a;(k), by taking the minimum and maximum values.

The second step is to search the target. An uncertain state
equation is established with

Xe=[2(k) va(k) y(k) vy(k) 1] (19)
I+ai(k) 1+ai(k)  ab(k) ag(k)  ap(k)
0 1+al(k) 0 at(k) 0
Af="|  al(k) ak(k)  14ak(k) 14+ak(k) al(k)
0 ak(k) 0 1+al(k) 0
0 0 0 0 1

(20)
where z(k), y(k) represent the target position, and v (k), vy (k)
represent the velocities in « and y coordinates, respectively.
In the initial frame, the center of the bounding box is used as
an estimate of the target position. Using the state estimation,
X lg /i at the k" frame, the region where the target is most

likely to appear is predicted at the (k + 1)*" frame using the
interval RLS filter by (2], . uk,, /] = Af(1,3[|1:5)X],
where A (1,3||1 : 5) represent a sub-matrix of A/ that con-
tains the first and third rows and the first to fifth columns.
The target is searched in the rectangular region, Ry11 =
{(z,y):x € :L'iﬂ/k, y € y,ﬁH/k}, by adaptive template match-
ing [5]. The accumulative affine transformation matrix used
in adaptive template matching becomes an interval matrix as
follows:
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End points of four elements in each @7, | construct 16 accu-
mulative affine transformation matrices. Based on those ma-
trices, adaptive template matching is implemented to yield 16
search results. Let zZ(k + 1) and y(k + 1) be the intervals
formed by taking the minimum and maximum values in the
respective x-axis and y-axis.

The third step is to estimate the state X and the target
position. The estimation X ]g 1k is computed by the inter-

val RLS filter in the (k + 1) frame with (19), (20), and the
following matrices:

1
0

Bla=|0 o 1 o o |- Yia=ltrn) i)
The position (<X£+1/k+1(17 1)), (X,irl/kJrl(i%7 1))) is output
as the estimate of the target position. It is represented in the
frame by a bounding box denoted as B;(k + 1) with the center
as that point and the same size as the initial box 5;(0). The
above three steps proceed iteratively.

Remark 2.

(i) Since perturbations can help fast GCGM estimation to exit
wrong solutions or local minima, a! is most likely to be near
to or cover the true value. (ii) This algorithm is extended in
each step by intervals from that using the RLS filter. The
search region using the interval RLS filter is adaptive in size
to variations of the affine model, unlike that using an RLS
filter [S] with fixed size. As a result, the algorithm is robust to
the error of the affine models, and outperforms that using the
RLS filter.

4. EXPERIMENTAL RESULTS

Two real-world video sequences were used to evaluate the
performance of both the interval RLS filter and the new track-
ing algorithm. The tracking result is compared with the algo-
rithm using an RLS filter [5]. The videos used in the experi-
ments are gray-scale with a size of 240 x 320 pixels in each
frame. One sequence is a natural driving scene with a car,
where the target is the car indicated by the blue bounding box
in (b) of Fig. 1 as an example of rigid targets. The other is
a scene of two people walking with occlusion by tree, where
the target is one person indicated by the blue bounding box in
(b) of Fig. 2 as an example of deformable targets.

The parameters used in the proposed tracking algorithm
are given as follow. The times estimating the affine model L
is set to be 3. The perturbation is 5% of al(k)(I < L). At
the inital frame, velocities v;(0), v, (0) are estimated by the
interval [—5, 5](pixels/frame). When tracking a car (person),
in calibration process, the threshold is 20 (10) pixels for the
width of XI£+1/k+1 (1,1) along the z-axis, and 15 (20) pixels
for the width of X, ., (3,1) along y-axis, and O}, =
[(zI(k 4 1)) [=5,5] (yI(k + 1)) [-5,5] 1]". The thresholds
are comparable half the size of the initial bounding box along
each axis. The center, ((zf(k + 1)), (y!(k + 1))), is used to



calibrate the target position estimation, since it is most likely
to be near to the true target position. The target is assumed to
move relatively slowly. The interval [—5, 5](pixels/frame) is
selected as the velocity estimate.

The results for tracking the car (person) are shown in Fig.
1 (Fig. 2). In (a) and (b) of both figures, the estimated tar-
get position and search region are represented by the blue
bounding box B;(k) and green rectangular shadow, respec-
tively. Using an RLS filter, the car (person) was lost in the
36" (71t") frame while using an interval RLS filter it was
tracked in that frame. The tracking performance for the video
sequence is evaluated by an overlap rate defined as (k) =
S(Bi(k) N By(k))/S(By (k). where S() , By (k). By(k) N
B, (k) represent an area, a bounding box which is drawn to
accurately cover the target as a ground truth, and the overlap-
ping region of both bounding boxes. Seeing (c), the overlap
rate using RLS filtering is lower than 20%(40%) or even close
to zero starting from about the 36" (60*") frame, which indi-
cates the target was lost. The overlap rate using inteval RLS
filtering is above 50%(80%) and close to 100% in most of the
frames, which indicates the target was always tracked.

Search regions are important for good tracking perfor-
mance. Too large or too small regions easily cause loss of
target lock. RLS filtering generates a fixed-size region which
is as large as 200 pixels in the experiments. However, interval
RLS filtering generates a region adaptive in size to variations
of the affine model. When tracking a car, the sizes shown in
(d) of Fig. 1 oscillate between around 100 pixel and 400 pix-
els. When tracking a person shown in (d) of Fig. 2, the sizes
typically fluctuate around 150 pixels.
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Fig. 1: Performance of tracking a car using an RLS and in-
terval RLS filter: (a) Tracking result at the 36!* frame using
an RLS filter; (b) Tracking result at the 36" using an inter-
val RLS filter; (¢) Overlap rate vs. frame number; (d) Size of
search region from an interval RLS filter.
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Fig. 2: Performance of tracking a person using an RLS and
interval RLS filter: (a) Tracking result at the 71" frame using
an RLS filter; (b) Tracking result at the 71" using an interval
RLS filter; (¢) Overlap rate vs. frame number; (d) Size of
search region from an interval RLS filter.

5. CONCLUSION

We developed an interval RLS filter and an associated video
target tracking algorithm. The overall system is robust to
noise, parameter error and observation error. The experimen-
tal results show that the proposed tracking algorithm using the
developed interval RLS filter significantly outperforms track-
ing with the standard RLS filter.
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