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Abstract— While H.264 is a well-established standard for video
surveillance, its High profile implementation, in particular, has
the unique capabilities that pack more visual detail into a given
bitrate. Several algorithms exist that detect moving objects from
H.264 bitstream, most of which end up wrongly classifying the
non-stationary or dynamic components (e.g. jitter camera,
waving trees, ripples, etc.) of the background as foreground.
Moreover, the coarse quantization schemes adopted at
constrained bitrates pose new challenges for direct identification
of moving objects/targets from the bitstream. This paper focuses
on dynamic background modeling for H.264 video encoded at
very low bitrates. To this end, enhanced features of the
fundamental coding unit, i.e., the macroblock are proposed.
Based on the temporal statistics of macroblock features gathered
from initial frames, macroblocks potentially containing parts of
moving objects are selected in subsequent frames. The selected
macroblocks constitute a coarse segmentation map of the
foreground at the macroblock-level. Finally, pixel-level
segmentation of the foreground is obtained by comparing pixels
constituting the selected macroblocks with the co-located
counterparts of a background frame. Experimental results
showing comparison on bitstreams encoded at strikingly low
bitrates are obtained over a diverse set of standardized
surveillance sequences.

Index  Terms—  background subtraction,
quantization, transform coding, video surveillance.

H.264/AVC,

I. INTRODUCTION

ACKGROUND modeling [1] is a common technique used

for segmenting out regions of interest (ROI) in a scene for
applications such as surveillance, tracking; etc. State-of-the-art
(SoA) methods can be broadly grouped into pixel-domain
approaches and compressed-domain approaches. A classical
pixel-domain algorithm is built around the philosophy that a
background model is independently estimated at each pixel-
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location for a series of uncompressed image frames at the

temporal axis. However, most visual information today is

stored/transmitted in a compressed format (such as M-JPEG,

MPEG-x, H.26x, etc.). Therefore, pixel-domain methods,

including those from the current SoA [2]-[3], involve a

complete decompression of the input bitstream thereby

requiring a heavy computational overhead and storage space
before they are applied. On the other hand, the newly
developed compressed-domain methods necessitate only
partial decoding of bitstream semantics to approximate block
regions in each frame containing potential object motion.
Owing to its impressive compression efficiency, H.264 /

MPEG-4 Advanced Video Coding (AVC) [4]-[5] is an
industry standard for a wvast spectrum of applications,
including video surveillance [6]. Zeng et al. [7] proposed an
algorithm to segment moving objects from the sparse motion
vector (MV) field under the Markovian assumption. Without
global motion compensation (GMC), a limitation of this
approach is that it is only applicable to sequences with
stationary background. Solana-Cipres et al. [8] used fuzzy
linguistic concepts involving MVs and macroblock (MB)
decision modes to classify MBs into foreground or
background. Chen et al. [9] segmented moving objects from
H.264 video using GMC and Markov Random Field
classification. In [10]-[11], results are based on the premise
that MBs containing complex motion consume more coding
bits than those corresponding to static background. This leads
to poor segmentation performance on sequences encoded at
low bitrate, as the standard rate-distortion optimization (RDO)
methods  negotiate  encoding bits for  substantial
distortion/mismatch from the source signal, especially in the
complex regions of a scene. It may be noted that the number
of coding bits allocated to a particular MB is dependent by
quantization of residual signals. Therefore, in this paper,
quantization step sizes of individual transform coefficients are
factored into the derivation of MB features. The significant
contributions to the SoA are discussed as follows:

1) It is known that video encoders can choose to improve
image quality in any encoding situation where decisions
are made that affect both file size and quality
simultaneously. The classical method of making encoding
decisions is for the encoder to choose the result which
yields the highest quality output image for a given
bandwidth. Under low and constrained bandwidth, the
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choice that the encoder makes, although require more bits

in complex segments of an image still suffer from quality

benefit (as determined by quantization) compared to less

complex areas. As a consequence, the methods [10]-[11]

which depend solely on the number of encoding bits fail to

detect motion/activity when the bitrate is severely
constrained and rate-distortion optimization is enabled.

Therefore, in the current work, enhanced MB features are

proposed which use both encoding bits as well as the

quantization step-sizes of individual coefficients in a MB.

This is particularly important as the quantization

parameters vary widely between simple and complex

sections of an encoded image at lower bitrates;

2) The proposed method is a two-stage hybrid
segmentation where MBs covering probable
foreground regions are first identified. A novel
thresholding technique is also used to select the
candidate MBs corresponding to foreground objects.

3) In the second stage, pixels constituting the selected
MBs are classified into foreground or background by
comparing their counterparts with those of a
background model. It may be noted that the presence of
shadows usually causes false classification, leading to
various unwanted behavior such as object shape
distortion and object merging. Therefore, instead of
using the native YCbCr color space, pixel differences
are estimated using the CIELUV color space because
of its perceptual uniformity of color differences.
Experimental results [12] on real-life surveillance
videos have shown that the CIELUV color space is the
most efficient in modeling cast shadows.

The subsequent sections of this paper are organized as
follows. Section-II provides an overview of the proposed
method. The feature extraction process is described in Section-
II. Section-IV and Section-V summarize the experimental
results and the conclusion respectively.

II. THE ENHANCED MACROBLOCK FEATURES

As mentioned earlier, the existing MB features depend only
on the number of encoding bits and hence fail to detect
motion/activity when the bitrate is severely constrained and
rate-distortion optimization is enabled. Therefore, in this
section enhanced MB features are proposed which takes, both
- the encoding bits as well as the effective quantization step
sizes of individual coefficients.

A. Preliminaries

In compressed video, MVs are used to predict temporally
correlated patches of image from neighboring frames, while
the residual error, i.e., the difference between the predicted
and the target patch, is subjected to signal transforms to reduce
the spatial redundancy. Using a compressed video analyzer', it
was verified that the MB regions corresponding to moving
objects contain MVs and transform coefficients of
significantly larger magnitudes than those corresponding to

! CodecVisa ®: www.codecian.com

the scene background. Hence, the signal energies associated
with the quantized transform coefficients and the MVs of a
given MB, heretofore designated as F; and F, respectively, are
adopted as the features necessary for moving object
segmentation. We assume K MBs in each frame, which are
addressed numerically using a MB index idx € {1,2,..., K-1}
in the raster-scan order starting with idx=0 for the MB at the
top-left-hand  corner. Formally, the feature vector
corresponding to the MB at location idx in frame ¢ is denoted
as the pattern (or feature) vector
Friax = (F, F)T,

where F;, F, € Ry, the set on non-negative reals.

It may be noted that the determinant of covariance [Z;4,|
between F; and F, for all MBs at location idx, reflects the
measure of randomness or ‘dynamic’ entity present at that
location in the scene. To illustrate this fact, we computed the
(temporal) mean [i;4, and the covariance X;4, for all idx e
{1,2,..., K-1} from a set of initial 500 frames of containing
randomness at the background. Fig. 1 shows the scatterplots of
F,-F, feature space for MBs at static as well as dynamic
locations of fountain(2 sequence. We observe a higher |Z;4,|
value (Fig. 1-a) for the MB regions corresponding to
‘dynamic’ location compared to that of a ‘static’ location (Fig.
1-c). The correlation coefficient (©) for both locations,
however, are very close to zero, illustrating the fact that F; and
F, are statistically uncorrelated. Fig. 1-b and Fig. 1-d shows
the input frame and the corresponding grayscale pseudo-image
obtained by scaling {Z;4,}KL, to [0, 255]. In the pseudo-
image, the location of MBs with higher |Z;4,], i.e., brighter
blocks, strongly correlate with the presence of dynamic
content while those having a lower value of |Z;4,/, i.e., darker
blocks, correspond to static areas of the background.

The MB feature F;, as introduced above, is computed as the
signal energy associated with its quantized transform
coefficients. Computation of F; using decoded transform
coefficients is computationally challenging. Therefore, F; is
statistically predicted using the number of transform coding
bits, and the quantization parameters QPC (with C=Y for the
luma component, and C=Cb, Cr for the chroma components)
of a MB. These values of the parameters are parsed, in real-
time, from the H.264 bitstream coding syntax.

It may here be noted that the H.264/AVC standard adopted
multiple transform block sizes (4x4 and 8%8) to improve the
coding efficiency. The transforms were designed as
approximations to the inverse discrete cosine transform (DCT)
with emphasis on minimizing the number of arithmetic
operations. These transforms had large variations of the norm

0 2 4
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o 2 4 [
(a) MB idx =66 : (b) Input frame

(dynamic) #500 image

(static)
Fig. 1. Scatterplots correspond to two different MBs depicting (a) dynamic
content and (c) static content. (b) an input frame selected from fountain02
sequence with MBs demarcated in white,and (d) the corresponding pseudo-
image of |Z;4,|scaled to [0, 255].
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of the basis vectors. As a consequence of this, non-flat default
quantization matrices were specified to compensate for
different norms of the basis vectors [13]. However, uniform
quantization was assumed in [11], which causes its
performance to suffer significantly at constrained low bitrates.
Therefore, we derive independently, the relation between
quantization step size Q and quantization parameter QP
effective for each coefficient in 4x4 and 88 transform blocks,
and use it to derive the expression of F.

B. Relation between QP and Q in a 4x4 coefficient block

The transform process in H.264 is implemented in
conjunction with quantization, to enable a division-free
process involving 16-bit addition, multiplication, and binary-
shift operations on integers. Considering a 2-dimensional DCT
of a 4x4 block of input signal X, the integer approximation
used is the matrix product

Y=4-X-4", (1)
where 4 denotes the core-transform matrix [13]. Since the
basis vectors of 4 have different norms, Y is normalized using
the matrix

E = normr(4) o normr(4)", )
where
1) Function normr(4) returns a matrix of the same size as
input 4, with the output matrix having each element equal
to the reciprocal of the norm of the corresponding row
vector in 4; and
2) o denotes the Hadamard product of two matrices
Substituting the value of 4 in (2), we have
Y4 12410 4 1/2410
E= /2410 110 12410 110 )
Y4 12410 Y4 1/2410
12410 110 12410 110
Using E, the required process that yields the resultant block Z
of normalized coefficients is [13]
Z=YoE. 3)
As mentioned earlier, the above process is implemented in
conjunction with quantization as [13]
k., =round(Z, ,/Q, ) =round(Y, E, /O, ;) [+Z=Y<E]
=round(Y, ;S , /2") =sen(¥, (| Y, ; | S, , + /) > L),
where subscripts i, j = 0,...,3 are denote the element at the
(i+1)th row and the (j+1)th column of the corresponding 4x4
matrix, and L =15+ |QP¢/6]. S is specified by the
quantization matrix M as
M, , for (i mod 2, j mod 2)=(0,0),
S, =1M,,, for (i mod 2, j mod 2) = (1,1),
M, , otherwise;
where m = OP° mod 6, and
13107 11916 10082 9362 8192 7282 T
M = |:5243 4660 4194 3647 3355 2893:| .

8066 7490 6554 5825 5243 4559

“4)

From (4), we have
L
E; [0, =5, / 2,
which on rearrangement of terms gives

Q,= (E,,’/./Si’/.)ZL. ®)
Finally, substituting the values of L, E;;, and S;; in (5), the
required relation between QPC and Q for 4x4 coefficient block
(say 04) is obtained as

R,, for (i mod 2, mod 2)=(0,0),
C . .
04, =4R,, for (imod 2, mod 2)=(L1), 6)
R,, otherwise;
where
2]3 2|l 212 212 1 2]2 T
oP°¢ 13107 2979 5041 4681 3641
R _ 2 6 ol4 212 13 ol ol ol
= 26215 5825 10485 18235 16775 14465 >
o3 o3 o13 ol Hl4 Sl
4033410 3745410 3277410 5825410 5243410 4559410

and superscript C = Y, Cb, Cr depending on the color
component associated with the input block X.

C. Relation between QPC and Q in a 8x8 coefficient block

The adaptive 8x8 transform is optionally supported in High
profiles. When selected for coding a MB, the 8x8 transform is
applied to the luma signal only, while the chroma components
are subjected to 4x4 transforms as usual. The core integer
transform of an 8x8 block of input signal X is performed
according to (2), where

8 8 8 8 8 8 8 8
12 10 6 3 -3 -6 -0 -2
8 4 —4 -8 8 -4 4 8

Y=|10 3 12 6 6 12 3 -0 y
s 8 8 8 8 -8 -8 8 8
6 -12 3 10 10 -3 12 -6
4 -8 8§ 4 4 8 -8 4
3 -6 10 -12 12 -10 6 -3
as specified by [14]. Substituting the value of 4 in (2), the
matrix E for 8x8 block transforms is obtained as
18 217 120 2017
217 32/289  8/17410  32/289
E= 12410 /17410 s 8170
217 32/289 8/17410  32/289
o
Only the top-left quadrant is shown, while the remaining three
quadrants are identical. The quantization of an 8x8 block of
transform coefficients is implemented according to (5) with

the exception that L = 16 + [QP¢/6],

M, , for (i mod4,;mod 4)=(0,0),
M, for (i mod 2, j mod 2) =(1,1),
M, , for (i mod 4, mod 4)=(2,2),
S,;={M,, for (i mod 4, j mod 2)=(0,1)
or (i mod 2, j mod 4) =(1,0),
M, , for (i mod 4, mod 4) € {(0,2),(2,0)},
M, s otherwise;

where subscripts i, j = 0,...,7 denote the element at (i+1)th row
and (j+1)th column of the corresponding 88 matrix, and

13107 11428 20972 12222 16777 15481
11916 10826 19174 11058 14980 14290
M = 10082 8943 15978 9675 12710 11985 .
9362 8228 14913 8931 11984 11259
8192 7346 13159 7740 10486 9777
7282 6428 11570 6830 9118 8640
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Finally, substituting the values of L, E; ; and S; ; in (5), the
required relation between QP and Q for an 8x8 coefficient
block (say O8) is obtained as

R,, for (i mod 4,;mod4)=(0,0),
R,, for (i mod 2, j mod 2) =(1,1),
R, , for (i mod 4, mod 4) =(2,2),
QSEj =<R, 5 for (i mod 4, jmod 2)=(0,1) @)
or (i mod 2, j mod 4) =(1,0),
R,, for (i mod 4, j mod 4) € {(0,2),(2,0)}
R, otherwise;
where
r 13 219 o4 216 oI5 219
13107 825673 26215 103887 16777410 263177410
2]1 22" 215 2]6 2]3 2]8
2079 1564357 47935 93993 3745010 12146510
QPC 212 221 215 2]7 214 219
R 2{TJ 5041 2584527 39945 164475 35510 203745410
- 512 19 16 17 Sl 19 >
4681 594473 74565 151827 729410 191403410
1 22" Zl(x 2|5 214 219
1061497 65795 32895 5243410 166209410
212 219 215 2]6 214 2]3
| 3641 464423 28925 58055 4550410 2295410 |

and superscript C =Y for the luma component only.

D. Computation of F for a given MB

The spatial-to-frequency transforms applied in H.264 is an
integer approximation of the 2-dimentional DCT using only
integer operations. The DCT coefficients are best modeled in
literature [15] as a zero mean distribution with a Laplacian
probability density function (pdf), i.e.,

1
p(z):iexp(—|z|/b),zeR ®)

where z is the value of a given DCT coefficient, and >0 is a
parameter that determines the coefficient variance.
Quantization of an input coefficient z is performed as

k = round(z/Q) = sgn(2)| (|2 + 1) /2 | )
where ke Z represents the coefficient level that is encoded by
the source encoder, 0>0 is the uniform quantization step-size,
and fis a rounding offset with a value equal to Q/3 or Q/6
accordingly as the MB is intra- or inter-predicted [13]. It may
be verified that all values of z in the open interval (—Q+f, O—f)
are mapped to k=0. Similarly the quantization levels are
mapped to k=1, 2, 3,... for z € [(kQ—f), (kQ+QO—f)) and k=
-1, =2, 3,... for z € (kQ—-0+tf), (kQ+f)]. Therefore, the
probability P(z;) that a random input coefficient z is mapped
to level &k via the quantization process (9) is analytically
expressed as

Ko~/ o .

J‘((kQQ*Q ) [ P(2)dz = C (-1 itk <0
(=0+f) —(O— .

P(z)= j@m p(2)dz =1-¢" @, ifk=0
KQ+0-f er .

J((,(QQ,Q) ')z =— T - ik >0

(10)

where e = exp(1).

The inverse operation involving the reconstruction of
coefficient value z; corresponding to level & is given by

z, = kQ. (11)

Given b and Q for a particular coefficient position in a

transform block (TB), the signal energy F; coefr associated

with it is given as
2 0’ e (1+e?")
Fi,cocff (Q,0)= Z Z/fP/ (z,)= (eQ/h 1)2 :
k=-x -

It is theoretically based on the fact that energy of a discrete-
time signal x(n), which is assumed to be composed of
components z, with probability Pr (z), is defined as
Y _olx(n)|?. The values of Q for 4x4 (=04) and 8x8 (=08)
TBs are obtained from (6) and (7), while the parameter b is
evaluated by equating the number of bits (say bits) consumed
in coding the transform coefficients of a MB with its
analytical expression obtained using entropy. Recall that
entropy, heretofore denoted as Hy, is a lower bound on the
average number of bits required to encode a given coefficient.
Using (10), Hy (in bits/coefficient) may be expressed as

H,(0.0)== 3 P,)log, P, (z)

_ _(1 _ e*(Q*./-)/b ) log, (1 _ ef(ij )/b)

_ewm/h " eg/h—l _Q—f_ Qeg/h ’
In2 2 b bEe? -1

which is a function of Q and b.
Based on the TB sizes adopted in H.264, we formulate F
under two cases as follows
1) When 4 x4 transforms are used for all color components
Considering a MB to be encoded using the popular YCbCr
4:2:0 color format, there exist sixteen 4x4 TBs of the luma
component and four 4x4 blocks of each of the chroma
components. The value of O for a particular coefficient vary
depending on its position in the transform block, and hence the
value of Hy. Therefore, we express bits as the sum of all Hjs
corresponding to each coefficient of a MB, i.e.

bits:16iin(Q4§j,b)+4 > iiﬂf(g4fj,b). (14)

(12)

(13)

i=0 j=0 C=Ch,Cr i=0 j=0
In (14), the coefficients of a given MB are modeled with a
single source distribution; hence, b — the distribution

parameter, is constant for all TBs. The values of bits, B, OPY,
OP®, and QP®, which are parsed from the MB-layer syntax
in the input bitstream are used to compute Q4{j, Q4L-C_5? and
Q4f5- by substituting C with Y, Cb, and Cr respectively in (6).
The remaining parameter b is evaluated using standard
numerical methods [22] for finding the root of non-linear
equation in one unknown.
The energy associated with each 4x4 TB of a given MB is
computed as the average of the value given by (12), i.e.,
3 3

LSS F o (04€,.b); C= Y, Cb, Cr.

16 =55
Finally, F due to the entire MB is computed as the weighted
average of the values obtained for individual -color
components. Thus, we have
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1=2—LZZEcoeff(Q4,,,b)+— S S SR (045,.b)

i=0 j=0 =Cb,Cr i=0 j=0
15)

The normalization factors/weights are based on the fact that in
4:2:0 sampling, the luma coefficients comprise a ratio of
exactly 2/3 of the total number of coefficients of a MB, while
that for the chroma components being equal to 1/6 each. It
may be noted that Fi is ‘quantization-normalized’ as its
computation takes into account the widely varying
quantization step sizes applied to individual coefficients at
constrained bitrates.
2) When 88 transforms are used for the luma component

It may be noted that, encoded bitstreams using 8x8
transforms for the luma component (High profiles only) use
4x4 transforms for the chroma components. Thus, four
transform blocks of each color component (but varying sizes)
comprise a given MB. Therefore, we express bits as

bits =4 {zzﬂ O+ Y X3 H,(45,.b)

i=0 j=0 C=Cb,Cr i=0 j=0

- (16)

The values of Q8];
Q4E and Q4 are obtained by replacing C with Cb and Cr
respectively in (6). The unknown constant b is evaluated using
numerical techniques [22] for solving non-linear equations in
one unknown.

Using (12), the energy associated with an 8x8 luma TB is
given as

are computed using (7), while those of

ZZ

i=0 j=0
while those contributed by the chroma blocks are obtained as
described for 4x4 blocks (case-1). Finally F; for a given MB
is expressed as the normalized sum

ZZ et (08 .0+ Y D DF, 0 (047 ,D) |.

i=0 j=0 C=Ch,Cr i=0 j=0
7)

1,coeff (Q81 Vi 5b)7

E. Implementation Considerations for Computation of F;

The statistical prediction of F) using (15) and (17) for a
given MB depends only on bits, OPY, OP®, and QP", the
values of which are non-negative integers in the range
specified by the H.264 standard. The maximum number of bits
allowed in the MB-layer (for bitstreams using 8-bit color
sampling) is specified as 3200. Furthermore, QPY e {0,
1,...,51}, while QP and QP are determined from Table-I
based on the index denoted as qPr. The value of qP; is obtained
as [5]

qP, = min(max(0, OP" + qPy. ), 51).

where qPoster € {-12, -11,...,11,12} is a value specified by
syntax elements chroma qp_index offset (for Cb) and
second_chroma_qp_index_offset (for Cr) in the Picture
Parameter Set (PPS). As a consequence, the number of distinct
input combinations of (bits, OPY, QP®, QP possible is no
more than 3200x17807. In order to reduce computations at
run-time, pre-computed values of F for all input combinations
are indexed in lookup tables. Thus, the computation required

for statistical prediction of F; is completely replaced with
simple lookup operations.

TABLE I
QP* AS AFUNCTION OF P,
qQPr OP°  qPt QP°  gPr QP qPi QP
<30 =qPr 35 33 41 36 47 38
30 29 36 34 0 37 48 39
31 30 37 34 43 37 49 39
32 31 38 35 44 37 50 39
33 32 39 35 45 38 51 39
34 32 40 36 46 38

Please note that the proposed formulation of F is based on
transform coefficient statistics using only partially decoded
parameters of a MB such as bits, OPY, OP®, and QP rather
than actual coefficients decoded from compressed video.
Considering the fact that signal processing transforms output
exactly the same number of coefficients as the input pixels, the
statistical formulation helps us to evaluate F; with
significantly less computation as compared to that of pixel-
based methods. In Section IV-A, we justify with a
comparison, the significance of predicted values of F| against
the corresponding actual values computed directly from the
decoded coefficients.

F.  Computation of F> for a given MB

F), is the signal energy associated with MVs of a MB. It
quantifies the localized motion content of a MB partition in
the current frame with respect to previously coded frames. An
inter-predicted MB is composed of one of more partitions
predicted from a set of previously coded reference frames. The
prediction information is indicated by a set of MVs and
corresponding reference frame indices. Each MV associated
with an MB partition is predicted either uni-directionally
(from one) or bi-directionally (from two) reference frame(s).
F, is computed as the normalized/weighted sum of squares of
the MV magnitudes of a MB. Accordingly, the weight or
normalization factor associated with each MV is determined
on the basis of 1) the ratio of the partition size to the total MB
area it represents; and 2) the reference frame index,
considering the temporal distance between the current and the
referenced frame.

In H.264, a MB may be split into one, two, or four
partitions using either one 16x16 partition (covering the whole

ér ; S

Actual 7
=0.0378+1.968*Predicted

Actual
=0.0239+2.943*Predicted

-

lL

']

Correlation
coefficient =

Correlation
coefficient = 0.981
] 2 4
Predicted value of F
(a) idx = 76 (static location)

0.978
2 rt

Predicted value of F,

Actual value of F)
Actual value of F

o

(b) idx = 66 (dynamic location)
Fig. 2. Comparison of the predicted and the actual values of the proposed
feature F1. Regression lines are obtained by the least square error method.
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MB); two 8x16 partitions; two 16x8 partitions; or four 8x8
partitions. In case of 8x8 blocks, each block is split into one,
two or four sub-partitions (either one 8x8, two 4x8, two 8x4
or four 4x4 sub-partitions). Let

W, = Size of the ith partition/256

denote the weight due to the ith partition of a MB.
Furthermore, corresponding to the ith partition, we define
for uni-directional prediction

otherwise

Corresponding to each MV (x;, y;7) denoting the prediction of
the ith partition in the jth direction (i.e., either forward or
backward), let us denote the reference frame index as s;
(where reference index 0 denotes frame one in the past/future,
reference index 1 denotes frame two in the past/future, and so
on). It is easy to check that the weights of all MVs of a MB
sum up to unity. Assuming a total of p (maximum value being
16) partitions in a given inter-predicted MB, F, is computed
as

j d;

B =222 G5+ )5 D]

i=1 @; j=1

I

(18)

[

It may be noted that:

1) The value of F, for intra-predicted MBs is taken as zero
as they do not encode any motion compensated information;

2) A MB may be split into a maximum of 16 partitions with
each having fwo MVs in both directions. Therefore,
computation of F, for any given MB requires no greater than
16x2x5 multiplications/divisions and 16x2x2 additions.

[II. THE PROPOSED METHOD

This section is divided into subsections involving
background model initialization, segmentation, and update.

A. Background model initialization

Based on the proposed MB features, a 2D Gaussian pdf is
fitted using the most-recent n frames. In order to avoid fitting
the model from scratch for every incoming frame, a running
(or on-line cumulative) estimate is computed. The background
model parameters corresponding to each MB having location
idx in frame ¢, i.e., the background mean [ 4, and the co-
variance Z; ;4, are recursively computed as

6
Diag(0,0) forz=1
s _ — — =\ 20
e 77<Ft,idx —Iur’idx)(Ft,idx —,u,,,-dx) fort>2 (20)
+(1- n)zt—l,idx

where, #=0.01 is an empirically chosen parameter that
determines the tradeoff between stability and quickly updates.

The background frame is initialized using the first N=250
frames from the input sequence. Although the set of initial
frames that are used for background-model learning is ideally
supposed to contain only background information, in practice,
however, it is difficult to get real-world sequence not occupied
by foreground objects. Hence, not a single frame is
appropriate to be used as the background frame. To address
this problem, a concept of the most common frame of a scene
(MCcFIS) [24] has been developed for video coding using
dynamic background modeling. In this paper, a recently-
modified version of the McFIS generation algorithm [25] for
the decoded frames has been used as the initial background
frame. The parameters were initialized as follows: maximum
number of models for a pixel K=3, learning rate a=0.1, weight
®=0.001, and variance ¢=30 as used in [25].

B. Segmentation

Beginning with frame =N+1, the segmentation process
operates via a two-stage coarse-to-fine process as follows.
1) MB selection: At the coarse scale, block-level segmentation
of each frame is performed by selecting a set of MBs
potentially containing foreground regions. The selected MBs
are those that correspond to D, > a, where D; =

= - T — = - . .
\/(Ft,idx — ,ut,idx) DI (Ft’idx — ut_idx) is the Mahalanobis

distance of a given MB measured in units of |Em-dx| from

Ut iax-and a = 2.8 being a predetermined threshold.

2) Pixel-level refinement: Since real object boundaries rarely
follow block boundaries, the MB-level segmentation is further
refined by eliminating pixels from selected MBs that are
similar to the co-located pixels in the background model.
Similarity between a pair of color coordinates X, =
(L, Uc, Vi) and Xg = (Lg, Ug, V) in the CIELUV color space
is ascertained if the distance

L —LB|+|UC —UB|+|VC -V,

— AlX., X | <r,
- Feiax fort=1 (XesXa) L | oy | o, |
Moy =\ — - (19) .
NF i+ =)y, ., fort>2 where o;, oy, and oy, respectively denote the standard
and deviations of L, U, and V components of the corresponding
’ background pixel. Furthermore, 7 = 3.4 denotes a decision
threshold chosen empirically for defining the fluctuations in
TABLE II
OVERALL QUANTITATIVE COMPARISON ON H.264 ENCODED SEQUENCES OF CHANGEDETECTION.NET [16] DATA SET
Method Average Recall Average Precision Average F-Measure Average speed (fps) Average
1000KB/s | 200KB/s | 1000KB/s | 200KB/s | 1000KB/s | 200KB/s | 1000KB/s | 200 KB/s Rank
Proposed (Luv) 0.8202(1) | 0.7470(2) | 0.8411(1) | 0.7932(1) | 0.8271(1) | 0.7579(1) 417.3(3) 435.2(3) 1.6250
Proposed (YCbCr) | 0.8116(2) | 0.71893) | 0.8097(2) | 0.7276(3) | 0.8058(2) | 0.7161(3) 436.1(1) 453.6(1) 2.1250
Madalena [23] 0.8016(3) | 0.8016(1) | 0.7316(4) | 0.7316(2) | 0.72833) | 0.7283(2) 7.3(6) 7.3(6) 3.3750
Dey et. al [11] 0.7117(5) | 0.6433(5) | 0.7998(3) | 0.7135(4) | 0.6856(4) | 0.6758(5) 431.8(2) 444.3(2) 3.7500
Chen et. al [9] 0.7691(4) | 0.7076(4) | 0.7305(5) | 0.6689(5) | 0.6513(5) | 0.6782(4) 115.4(5) 133.4(5) 4.8750
Poppe ct. al [10] 0.7016(6) | 0.6379(6) | 0.6651(6) | 0.5497(6) | 0.6322(6) | 0.5938(6) 138.7(4) 151.4(4) 5.5000
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PETS2006 tr_afﬁc boulevard fountain01
, =
- e

cubicle peoplelnShade

Fig. 3. Qualitative results are shown column-wise with at least one sequence selected from each category of the dataset [16]. Starting from the top, the first
row (a) illustrates selected image frames. Row (b) illustrates the corresponding ground-truth masks. Row (c) and Row (d) illustrate results obtained with the
proposed method using the CIELUV space and the native YCbCr space respectively. Row (e) and Row (f) demonstrate the corresponding masks obtained

with [9] and [11] respectively.

luminosity and chromaticity. The value of A is a low-
complexity approximation of the standardized Euclidean
distance between Xc and Xg. The rationale behind the choice
of CIELUYV space is that, unlike RGB or YCbCr, it exhibits
perceptual uniformity, i.e., for the same distance A computed
between any two pairs of color coordinates, equal color
differences are perceived by the human visual system.
Experiments on real-life surveillance videos with varying
illumination conditions have shown the CIELUV color space
to be the most efficient. As brightness information (L
component) is separated from chrominance (U and V
components), the space is affected less by shadows.

C. Background model update and the choice of parameter o

Let C: and B: denote the input frame at ¢ and the
corresponding background frame respectively. We adopt a
selective update policy where only pixels enclosed by the MBs
that are not selected in the MB selection stage are used to
update the current background B to By as

B, (x,y)=nC,(x,y)+(1-71)B,(x,y), fort > N
where # = 0.01 is the rate of update as defined earlier.

It may be noted that the proposed model essentially
translates to a bivariate normal distribution (ﬁt,idx, Zt'idx) =

21

(2n)_1|2t‘idx|_1/2 exp(— D?/2) representing the background
at the MB-level in F\—F, feature space. Taking Z.;q, =
Diag(af,0%) and [ ;qx = (uq,u5)7, the value of decision
threshold a which correspond to 99%-prediction interval (for
our background model predictions) is computed as
+ao- l]+!lO'

Juraon Ve N B2 M, = t” () =09, 2
Solving (22) for a, we get a =2.8.

IV. EXPERIMENTAL RESULTS

In this section, the relation between statistically predicted
and actually computed values of F; are analyzed.
Subsequently, quantitative and qualitative comparisons are

demonstrated on standard sequences to highlight the efficacy
of the proposed method at low bitrate.

A. Comparison between the predicted and actual values of F

The predicted values of F) are validated experimentally
against their actual counterparts computed directly from the
decoded coefficients. Fig. 2 illustrates the comparison of F
for a static (idx=76) as well as a dynamic location (idx=66) of

fountain02 sequence. It is observed that the predicted values

are slightly lower in magnitude compared to those which are
computed directly from the decoded coefficients. This is a
consequence of the fact that prediction of F; depends on bits,
whose lower bound on the average bitrate was modeled using
the entropy measure. Furthermore, the predicted value and its
actual counterpart are found to be linearly correlated. As a
matter of fact, the correlation coefficient was found to be
greater than 0.96 for all individual sequences. Please note that
the discrepancy between the predicted and the actual values,
however, do not affect the MB selection process described
earlier, because the Mahalanobis distance D is invariant under
arbitrary linear transformations of the feature space. The
average computation time for the predicted and the actual F;
were also noted as 0.638 nsec and 396.7 nsec. Moreover, the
average processing speeds in frames per second (fps) using the
actual F; were found to be 14.1 fps and 12.8 fps for videos
encoded at 1000 KB/s and 200 KB/s respectively. For
comparison, the average processing speeds using the predicted
values of F; are mentioned in Table-II. The overall memory
requirement of the proposed method involving the actual F;
and the predicted F'; was analyzed to be of the order O(N) and
O(N + ¢) respectively, where N is the number of MBs per
frame and constant ¢ = 434.74MB, being the memory
overhead due to look up tables. It may be also noted that
O(N+e) is O(N); since ¢ is constant, i.e., the space complexity
of the methods using the predicted and the actual values of F
are arguably the same. Fig. 4 illustrates a comparison the
segmentation results obtained with the predicted and actual
values of Fi. Negligible difference is observed between the
segmentation results obtained with the predicted and the actual
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value of F. By using the predicted value of F), as evidenced
from the results, we are able to reduce the computation time
significantly without affecting the overall segmentation
process.

B. Evaluation of Segmentation Results

The proposed method has been evaluated against the
benchmark Changedetection.net (CD.net) dataset [16]. This
dataset, unlike any other publicly available, addresses the
major key challenges, especially dynamic background,
accompanying a real-world surveillance scenario and includes
accurate ground truth masks for each frame. The proposed
method was implemented in C and patched into the original
H.264 decoding module of FFmpeg [17]. The source was built
on 64-bit Windows platform.

Ground truth Actual F1

Input frame Predicted F,

EE
il

Fig. 4. Comparison of the final segmentation results of three sequences
using the predicted and the actual values of the proposed feature Fi. No
significant difference was registered between the segmentation results
obtained with the predicted and the actual value of Fi.

PETS2006 fountain02 Canoe

Fig. 3 illustrates the qualitative (visual) comparison of
segmentation results of nine selected sequences, viz.
PETS2006, traffic, boulevard, fountainOl, fall, canoe, sofa,
cubicle, and peoplelnShade encoded at 200KB/s. The
sequences depict irregular camera jitter, dynamic background
and moving cast shadows in the background, which are typical
of a real-world surveillance scenario. Due to space constraints,
segmentation results from two SoA methods [9] and [11] are
shown in Fig. 3. Comparison of the results with the provided
ground-truth masks (on row 2) shows that the proposed
method is best able to model real-world surveillance scenarios,
e.g., static background (PETS2006), mild camera jitter (¢traffic
and boulevard), dynamic background (fountainOl, fall, and
canoe), as well as moving cast shadow (sofa, cubicle, and
peoplelnShade).

In order to compare the achieved results quantitatively, we
consider the performance metrics, as reported in Table-II. The
metrics adopted for quantitative evaluation includes, in
addition  to average  processing speed, recall
(Re)=#TP/(#TP+#FN), precision (Pr)=#TP/(#TP+#FP), and f-
measure = 2XPrxRe/(Pr+Re), where #TP, #FP, and #FN are
the total number of true positives, false positives, and false
negatives respectively. The processing speeds are based on the
videos having a resolution of 720x420 pixels on a personal
computer powered by Intel Core 17-2600 3.40 GHz CPU and
32GB RAM. The parenthesized figures appearing on the left
of each performance score in Table-II indicate the rank of an
algorithm in the corresponding evaluation category.

In order to demonstrate the proposed method for a wide

range of bitrates, all sequences of the dataset [16] were
encoded to H.264 High profile at target bitrates of 200KB/s
(low bitrate) and 1000KB/s (high bitrate). It may be noted that
no fixed quantization parameter was adopted for encoding the
MBs, i.e., for each encoded MB in a frame the encoder was
free to choose a different quantization parameter depending on
the complexity of the scene and the target bitrate. The encoder
configuration was set as follows: H.264 High profile YCbCr
4:2:0 progressive format with 8-bit color sampling, rate-
distortion optimization (RDO) was enabled, and the MV range
was set to [-16...16]. The streaming rate was fixed at 25
frames per second (fps). Segmentation results were obtained
using CIELUV as well as the native YCbCr color space. The
evaluation in Table-II is based on the average rank computed
over the individual performance metrics discussed above. It is
observed that the proposed method (both CIELUV and
YCbCr) obtained better results as compared to the SoA
compressed domain methods [9], [10], and [11]. The proposed
method has also been compared with [23], which is a recent
pixel-based method. Fig. 5 further demonstrates the impact of
low bitrate encoding on the segmentation performance
(accessed in terms of F-measure) on two sequences selected
from the dataset. Sequences fall and canoe (depicting dynamic
background) were encoded with target bitrates of 200 KB/s,
400 KB/s, 600 KB/s, 800 KB/s, and 1000 KB/s. It is observed
that the proposed method outperformed the SoA methods in
terms of segmentation accuracy, especially at lower bitrates.
Evidently, with the enhanced MB features, the proposed
method is better able to model the background dynamics under
variable quantization schemes adopted under a wide range of
bitrates.

On a final note, the key issue for any successful algorithm is
its computational complexity. For the proposed method, we
used pre-computed lookup tables to replace any run-time
computation associated with Fj, while the maximum number
of operations involved with F», D for each MB remains
constant. Consequently, the running time of the proposed
method reduces to O(N), which is linear in terms of the
number of MBs/frame. It may be noted that background
segmentation is but one component of a potentially complex
computer vision system. The problem of foreground-
background separation is only fundamental, and its results are
utilized in conjunction with vision-based problems such as
tracking, surveillance and gesture and event detection in real-
time. There is, therefore, a huge requirement of high-speed
computing techniques as the demand for real-time analysis of
multiple surveillance-feeds grows over a constrained-
bandwidth network.

V. CONCLUSION

Background modeling is one of the key problems for
automatic video analysis. In this paper, we proposed novel
block-based features for dynamic background modeling to
work directly on low bit rate encoded videos. Experimentally,
the method has been tested on H.264 High profile, a premier
codec used for streaming of surveillance-grade high-definition
video at constrained bit rates. The method clearly outperforms
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the current benchmark in terms of segmentation performance,
while consuming significantly less CPU time. Considering the
bandwidth crunch which mounts a huge challenge to deliver
high-quality video, the proposed method is geared to tap into
the benefits of superior compression that H.264 has to offer.

—&— Proposed(CIELUV)

—©— Proposed(CIELUV)

Average F-measure
Average F-measure

L =i+ = Proposed(YChCr) — -4 - — Proposed(YCbCr)
—-#-= Dey [11] —-%-— Dey [11]
05 — & —Chen [9] 0.6 — © —Chen (9]

=-8-= Poppe [10] —8-— Poppe [10]

200 400 600 800 1000 200 400 600 800 1000
Bitrate (KB/s) Bitrate (KB/s)
(a) Sequence: Fall (b) Sequence: PeopleInShade

Fig. 5. Impact of video encoding bitrates on the segmentation performance
of various algorithms.
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