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ABSTRACT

In this paper, we focus on the robustness in noise
tolerance of spatial domain optical �ow. We present
a performance study of bidirectional con�dential with
median �lter on spatial domain optical �ow (spatial
correlation, local based optical �ow, and global based
optical �ow) under non-Gaussian noise. Several noise
tolerance models on spatial domain optical �ow are
used in comparison. The experimental results are in-
vestigated on robustness under noisy condition by us-
ing non-Gaussian noise (Poisson Noise, Salt & Pep-
per noise, and Speckle Noise) over several standard
sequences. The experiment concentrates on error vec-
tor magnitude (EVM) as performance indicators for
accuracy in the direction and distance of motion vec-
tor (MV). In EVM, the result in MV of each method
is used to compare with the ground truth vector in
the experimental performance analysis.

Keywords: Spatial domain optical �ow, Non-
Gaussian noise, Motion estimation, and EVM.

1. INTRODUCTION

The spatial domain optical �ow method is widely
used in various areas due to its simple calculation
based on image intensity from two di�erent time
frames in sequence. It is used to classify MV in a
level of pixel and it is applied in advance over several
areas such as super image resolution, video encod-
ing, target tracking & segmentation, and etc. Under
the ordinary view of optical �ow, the image velocities
of every pixel are valued by utilizing the movement
between two images in sequence which are picked.

Basically, spatial correlation (SC) [1], local based
optical �ow (LB) [2], and global based optical �ow
(GB) [3] optical �ow are three main methods in spa-
tial domain optical �ow where the result in MV is
calculated from image intensity.

SC is classical spatial domain optical �ow where
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the motion classi�cation is determined by using basic
block matching.

LB and GB was proposed in 1981 by B.D. Lucas
and T. Kanade, and B.K.P. Horn and B.G. Schunck
respectively. Both LB and GB applied the same gra-
dient intensity in the beginning but LB applied weight
least-square over the result of gradient intensity while
GB applied minimization over the result of gradient
intensity to determine motion classi�cation.

However, the accuracy in e�ciency of these classi-
cal spatial domain optical �ows is interfered under un-
pleasant situations such as noise. Various algorithms
have been introduced to improve the robustness in
noise tolerance over the unpleasant situations or noisy
domains. For example, J.L Barron, D.J. Fleet and
S.S. Beauchemin [4] introduced the 4-point mask co-
e�cient to calculate gradient intensity for LG and GB
in 1994.

Bidirectional con�dence based optical �ow (BC) of
R. Li and S. Yu [5] introduced the concept of bidirec-
tional symmetry where the reliability rate in forward
and backward direction was used to determine the
�nal MV in 2008.

Median �lter for robust motion estimation (MF)
[6] of T. Kondo and W. Kongprawechnon introduced
the used of median �lter to increase robustness for
noise tolerance in 2010.

Both BC and MF return good performance in noise
tolerance according to the results of performance eval-
uation for image reconstruction from D. Kesrarat and
V. Patanavijit [7-8].

After that, bidirectional con�dential with median
�lter (BF) [9-12] was introduced by D. Kesrarat and
V. Patanavijit by consolidate bidirectional concept
from BC with L1 median from MF to present more
robustness for optical �ow motion classi�cation.

The concepts of BF [9-12] were presented and
showed very e�ective result in robustness under Gaus-
sian noises. Then, we carry on inspecting the per-
formance of these robust optical �ow methods un-
der non-Gaussian noise such as Poisson noise, Salt
& Pepper noise, and Speckle noise where EVM is an
indicator in our experiment. Poisson noise is a type
of electronic noise. It occurs in photon counting in
optical devices and associates with the particle na-
ture of light. Salt & Pepper noise presents itself as
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sparsely occurring black and white pixels. It is caused
by sharp and sudden disturbance in the image signal.
Speckle noise is caused by processing of backscattered
signals from multiple distributed targets such as el-
ementary scatters, and the gravity-capillary ripples.
In this paper, we focus on the accuracy in the direc-
tion and distance of MV that it is very importance in
advance area such as motion tracking and forecasting.

In our experiment, we study the performance in ro-
bustness of BF on spatial domain optical �ows (SC,
LB and GB) by using EVM as an indicator in com-
parison with the other robust models when they are
applied in a level of sub-pixel translation on vari-
ous video sequences that are contaminated with non-
Gaussian noise (Poisson Noise, Salt & Pepper noise,
and Speckle Noise).

This research work is organized as follow. Section
2 explains the models of spatial domain optical �ow
and reference robustness models. Section 3 explains
the experimental analysis in robustness and perfor-
mance comparison in EVM. Section 4 explains the
conclusion in the experimental result.

2. SPATIAL DOMAIN OPTICAL FLOW

This section explains spatial domain optical �ow
and reference robustness models that we simulate on
our experiment.

2.1 Spatial correlation based optical �ow (SC)
[1]

SC is the classical spatial domain optical �ow
for motion classi�cation that applied block match-
ing concept in a level of pixel. The determine areas
is matched with the speci�c block size to identify the
minimum sum of absolute di�erence as the best can-
didate MV.

SC presents high accuracy over non noise sequence
but very sensitive under noisy condition and require
high computation time according to the results of per-
formance evaluation for image reconstruction [7-8].

Ix = 1/4{Ix,y+1,k − Ix,y,k + Ix+1,y+1,k − Ix+1,y,k + Ix,y+1,k+1
−Ix,y,k+1 + Ix+1,y+1,k+1 − Ix+1,y,k+1}

Iy = 1/4{Ix+1,y,k − Ix,y,k + Ix+1,y+1,k − Ix,y+1,k + Ix+1,y,k+1
−Ix,y,k+1 + Ix+1,y+1,k+1 − Ix,y+1,k+1}

Ik = 1/4{Ix,y,k+1 − Ix,y,k + Ix+1,y,k+1 − Ix+1,y,k + Ix,y+1,k+1
−Ix,y+1,k + Ix+1,y+1,k+1 − Ix+1,y+1,k}

(1)

2.2 Local based optical �ow (LB) [2]

LB was proposed in 1981 by B.D. Lucas and T.
Kanade. LB apply spatial temporal gradient based
technique where the image intensity (Ix, Iy, Ik) is de-
termined by image velocity of point (x, y) from spa-
tiotemporal of image gradient from di�erent time
frame (k) is de�ned as:

,where x and y are coordinate in 2D image and k
is image frame no. Under LB, the �ow is constant
in a local neighbourhood of the pixel. The equation

for all the pixels in that neighbourhood is solved by
the least squares. A weight least-square is utilized
as a regular model to obtain MV in each small spa-
tial neighbourhood. A weight least-square in LB is
de�ned as:

[
u
v

]
=

[ ∑
I2x

∑
Ix × Iy∑

Ix × Iy
∑

I2y

]−1

×
[

−
∑

Ix × Ik
−

∑
Iy × Ik

]
(2)

,where u and v are �nal result in MV. The initial
MV is computed by a linear system based on matrix
in Eq.(2). Then, the process runs in iterative for �nal
MV.

LB presents fast computation with good noise tol-
erances but low accuracy in MV.

2.3 Global based optical �ow (GB) [3]

GB was proposed in 1981 by B.K.P. Horn and B.G.
Schunck. GB apply spatial temporal gradient based
technique like LB at the beginning to obtain image
intensity (Ix, Iy, Ik) but GB uses minimization pro-
cess by weighted average [1/12 1/6 1/12 ; 1/6 -1 1/6
; 1/12 1/6 1/12] of the value at neighboring points to
compute MV in iterative where the suitable smooth-
ness weight (Î±) should be selected to minimize the
sum of error and obtain MV.

uh+1 = ūh − Ix[Ixūh+Iy v̄
h+Ik]

α2+I2
x+I2

y

vh+1 = v̄h − Iy[Ixūh+Iy v̄
h+Ik]

α2+I2
x+I2

y

(3)

,where and are neighbourhood average of horizon-
tal and vertical which initial are set to zero.

GB presented fast computation but the quality was
varying under di�erent smoothness weight (Î±). The
suitable value of Î± should be selected in appropriated
for the best performance.

2.4 4-point central mask coe�cient [4]

4-point central di�erences mask coe�cient was
proposed by J.L Barron, D.J. Fleet and S.S. Beau-
chemin in 1994 to compute image intensity which has
been applied in the early state over LB and GB algo-
rithms. The image intensity is determined by using
4-point central di�erences. The role of the 4-point
central mask is for balanced smoothed image.

Ix = 1/12
{
−Ix,y−2 + 8 × Ix,y−1 + −8 × Ix,y+1 + Ix,y+2

}
Iy = 1/12

{
−Ix−2,y + 8 × Ix−1,y + − 8 × Ix+1,y + Ix+2,y

}
It = 1/12

{
−Ix,y,k−2 + 8 × Ix,y,k−1 + − 8 × Ix,y,k+1 + Ix,y,k+2

}
(4)

Fig.1: 4-point central mask coe�cient.

The better performance in accuracy is presented
when 4-point central di�erences mask coe�cient is
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applied over GB and LB in accordance with the per-
formance evaluation from J.L Barron, D.J. Fleet and
S.S. Beauchemin [4].

2.5 Bidirectional con�dence based optical
�ow (BC)[5]

This method was proposed in 2008 by R. Li and F.
Yu. The concept of bidirectional in forward motion
vector (frame k → k + 1) and reverse motion vector
(frame k+1 → k) was presented with con�dent mea-
surement for an improvement in accuracy of motion
vector.

The origin motion vectors of the forward and re-
verse sequences are obtained by using GB algorithm.
Then, the reliability rate (R) is computed from cor-
relation of forward and reverse motion vector by:

R
n
l (s, k) = exp

−

∣∣∣∣ vn
l (s, k)+

vn
l− (s + vn

l (s, k), k + 1)

∣∣∣∣ |vn
l (s, k)|+

|vn
l− (s + vn

l (s, k), k + 1)|


2+β

 (5)

,where vnl (s,k) and vnl − (s, k) are forward and
backward MV of neighbour (n). s is coordinate (x,y)
in 2D image and β avoids the division by zero in the
equation. l and l− are forward and reverse motion
vector. The value of reliability is set to 1 when the
values of the motion vector of forward and reverse are
the same

After that, the average motion vector (v̄nl (s0))
is computed from the reliability of neighborhood
(N(s0)) of the location s0 = (x, y, t) by:

v̄nl (s0) =

( ∑
si∈N(s0)

Rn
l (si)v

n
l (si)

)
( ∑

si∈N(s0)

Rn
l (si)

) (6)

BC presented an improvement in accuracy under
clear and noisy domains but it consumes double com-
putation time due to the concept of bidirectional.

2.6 Median �lter for robust motion estima-
tion (MF)[6]

This method was proposed in 2009 by T. Kondo
and W. Kongprawechnon to enhance the performance
in e�ciency in changing of light conditions by utilized
gradient orientation information of L1 median over
MV of traditional algorithm described as:

(Gu, Gv) = (u/ |u| , v/ |v|) (7)

,where (Gu, Gv) is 2 scalars (1 and -1) and if the
magnitude is 0, zeros value is assigned to represent as
the �nal motion vector.

MF presented an improvement of noise tolerance
in MV under noisy environments especially on slow
movement sequence and presented high deviation in
noise tolerance according to the outcomes of perfor-
mance evaluation from D. Kesrarat and V. Patanav-
ijit [9-11].

2.7 Bidirectional con�dential with median �l-
ter (BF) [9-12]

This method was proposed in 2012 by D. Kesrarat
and V. Patanavijit. This method identi�es the model
in consolidation of bidirectional from BC with L1 me-
dian from MF. The objective is to improve the per-
formance in accuracy of motion vector under noisy
condition.

Firstly, the motion vectors of the forward and re-
verse frame are obtained from spatial domain optical
�ow (SC, LB, or GB). Then, L1 median is applied on
both result of origin the forward and reverse motion
vector. At last, the reliability rate (eq. 5) and �nal
motion vector (eq. 6) are used to measure the �nal
result of motion vector as the process of BC.

3. EXPERIMENTAL ANALYSIS OF PER-
FORMANCE COMPARISON

In this research work, 3 main spatial domain opti-
cal �ow methods (SC, LB, and GB) are concentrated
with reference robust models (BC, MF, and BF) as
shown in Fig.2. So, totally 12 models are used in our
experimental analysis. There are:•

• SC, SC-BC, SC-MF, and SC-BF (SC domain)
• LB, LB-BC, LB-MF, and LB-BF (LB domain)
• GB, GB-BC, GB-MF, and GB-BF (GB domain)

We run the experiment by using 4 di�erent stan-
dard sequences up to 100 frames on each. There
are AKIYO, CONTAINER, COASTGUARD and
FOREMAN in QCIF (176×144) as showed in Fig.3.
Then, we simulate 5 set of non-Gaussian noises over
these 4 sequences as showed in Fig.4. There are:•

• Poisson Noise (PN)
• Salt&Pepper Noise (SPN) at density 0.005 and 0.025
• Speckle Noise (SN) at variance 0.01 and 0.05

So, 20 sequences totally in non-Gaussian noise con-
tamination are used in our experiment (4 sequences
× 5 non-Gaussian noises).

For SC domain, we set ±3 for neighbors for block
matching over ±7 window search area.

For LB and GB domain, we set global smoothness
and use 4-point central di�erences mask coe�cient for
gradient estimation. In LB, we set spatial neighbor-
hoods window (5×5) without pyramid at 5 iteration
loops. And we set smoothness weight (∝) = 0.5 as
same as the domain in the performance evaluation of
Barron, Fleet, and Beauchemin [4] at 100 iterations
in minimization process for GB.

For BC and BF, we set β = 0.0001, and pre-de�ned
neighbourhood (si) = ±1.
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Fig.2: Optical �ow research framework. (where �∗� is our research framework)

(a) AKIYO. (b) COASTGUARD. (c) CONTAINER. (d) FOREMAN.

Fig.3: 4 di�erent standard sequences used in experiment.

(a) AKIYO - PN. (b) AKIYO-SPN (d=0.005). (c) AKIYO-SPN (d=0.025).

(d) AKIYO-SN (V=0.01). (e) AKIYO-SN (V=0.05).

Fig.4: Example of image frame that contaminated by 5 set of non-Gaussian noise used in experiment.
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Finally, the performances analysis on robustness
is evaluated by using EVM in comparison with the
original ground truth MV. For EVM, we calculate
with root-mean-square by average with the no. of non
zero movement vector of ground truth vector where
the lower value means better performance.

According to the experimental result, we analyze
our experiment based on 3 domains of optical �ow
in section 3.1. and 3 types of non-Gaussian noise in
section 3.2.

3.1 Analysis based on domain of optical �ow

3 domains of optical �ow are SC, LB, and GB. Fig.
5-7 show the graph of EVM frame by frame (frame
no.1 to frame no.20) under di�erent non-Gaussian
noise.

Fig.5 concentrates on the performance under SC
domain. Under SC domain, we �nd out that the BF
model very e�ective over PN and SN. But very low
performance for SPN. For SPN, the traditional SC
provided the best result. It means that �ltering mod-
els for noise tolerance do not impact the performance
in SC domain under SPN.

Fig.6 concentrates on the performance under LB
domain. Under LB domain, we �nd out that the BF
model presents the best result under all 5 types of
non-Gaussian noise in our experiment. And all robust
�ltering models in our experiment present better per-
formance over traditional LB. It shows that the LB
domain is very noise sensitive on non-Gaussian noises.

Fig.7 concentrates on the performance under GB
domain. Under GB domain, we �nd out that the
BF model presents the best result under all 5 types
of non-Gaussian noise in our experiment. And all ro-
bust �ltering models in our experiment present better
performance over traditional GB as same as in LB do-
main. But It shows that the GB domain very noise
sensitive on SPN the most.

3.2 Analysis based on non-Gaussian noise

Average EVM over 100 frames of each sequence are
summarized in Table1. From Table1, we analyze our
experiment based on 3 types of non-Gaussian noise.
There are PN, SPN, and SN.

For PN, it shows that:•
• The robust models a�ect the performance when it is
applied over 3 domains of optical �ow. Especially BF,
it shows the best result over all 3 domains optical �ow
under PN.

• Under slow movement sequences (AKIYO and CON-
TAINER), BF and MF present the best and sec-
ond best with higher deviation from BC and original
method while presents a little deviation under fast
movement sequences (COASTGUARD and FORE-
MAN).

For SPN, it shows that:•
• The robust models a�ect the performance when it is
applied over GB and LB methods.

• Upon di�erent levels of noise in SPN, BF and MF
present the best and second best with higher devia-
tion from BC and original method upon increasing of
noise level.

• SPN has a little impact over SC method. Upon in-
creasing of noise level, it impact the overall perfor-
mance but the original SC methods still present the
best result and better than the other robust models.

• For SPN over SC method, the robust models do not
help to increase the performance but they make it
worst. Original SC method presents the best perfor-
mance in overall experiment cases.

For SN, it shows that:•
• The result is similarly with PN that the robust mod-
els a�ect the performance when it is applied over 3
domains of optical �ow.

4. CONCLUSIONS

This paper presents the concept of bidirectional
con�dential with median �lter �ow to increase non-
Gaussian noises tolerance for spatial optical. Because
of the interfered non-Gaussian noise over the sequence
impacts the accuracy to determine MV. From the ex-
perimental result over 3 domains of optical �ow, we
conclude that the concept of bidirectional con�den-
tial with median �lter is very e�ective in increasing
the tolerance over all types of non-Gaussian noise in
GB and LB domains. But, it is e�ective only on PN
and SN over SC domains.
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