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Abstract

Motion estimation is a common component of
machine vision systems. Given the number of
motion estimation algorithms available, selection
of an appropriate algorithm is a difficult pro-
cess. A quantitative measurement of the perfor-
mance of motion estimation algorithms on real
unlabelled data allows for more realistic compari-
son of motion estimation algorithms than the cur-
rent situation. At present the most common mea-
sure of a motion estimation algorithm involves
comparing a measured to a known motion field.
Szeliski suggested treating motion estimation as
a registration process. The motion between two
successive images is computed and used to warp
one of the images onto the other. The registra-
tion error is then used as a quantitative measure
of the motion estimation algorithm. An extension
to the Szeliski metric is examined. Examples will
be shown where algorithms are selected and the
tunable parameters are optimised for some test se-
quences.

1 Introduction

An analysis of the dynamic content of an im-
age sequence results in motion estimation of one
form or another. Motion estimation involves two
choices:

(i) Which motion estimation algorithm?

(ii) Which values to select for the tunable pa-
rameters?

Currently, the accepted means of evaluating
motion estimation algorithms include [2, 5, 10,
12]:

(i) Labelling the motion at each pixel in a se-
quence and comparing labelled to estimated
motion. This is usually very difficult if one
does not have artificial data.

(ii) Comparing the results by eye for a short se-
quence. This is difficult unless the sequence
has features which may be easily tracked by
eye, for example distinctive edges, corners
or small regions.

Parameter selection remains a hit or miss af-
fair. The problem of comparing motion estima-
tion algorithms in the absence of ground truth
and estimating the tunable parameters of the algo-
rithm will be examined. First an overview of the
Szeliski metric will be given [11]. An extension
will be described. Some experimental results are
generated, and finally, some conclusions drawn.

2 An overview of the Szeliski met-
ric

Szeliski proposes that the goodness of the motion
field may be evaluated in how well an image in a
sequence may be predicted from the motion field



and another image. The predicted image may not
necessarily have been used in estimating the mo-
tion field (a novel view in other words).

The Szeliski metric [11] essentially computes
the error between the predicted and actual im-
age in a sequence. The predicted motion field
may be improved by computing the residual mo-
tion between the predicted and the actual image.
This, to some extent, compensates for small mis-
registrations less than a pixel in extent.

This is similar to the idea of measuring the
performance of block motion compensation al-
gorithms for temporal compression of image se-
quences (see [4, 6, 7], for some examples).

2.1 Prediction error

Once a displacement field is generated, it may be
used to warp an image to yield a predicted im-
age. The difference between the predicted and an
existing image in a sequence, via some error mea-
sure (possibly a robust metric), yields the predic-
tion error.

Many warping algorithms exist in the literature
(see [13], for an introduction). A simple warping
algorithm will be described.

2.1.1 Forward warping

This predicts an image in a sequence, given a mo-
tion field and an image later in the sequence. The
method used in this paper (Szeliski does not rec-
ommend a particular warping algorithm [11]) pro-
ceeds as follows:

(i) Convert the motion field into a displacement
field.

(ii) Denote the predicted image as (A) and the
actual image as (B). Note that (B) is later in
the sequence than (A).

(iii) Each pixel in (A) is replaced by an interpo-
lated value of the pixels in a small region
around the displaced pixel position in (B).
This may not be possible for pixels close to
the border of the image, border pixels are
then neglected. A Gaussian interpolation
kernel withσ = 0.2 is used.

Predicting an image later in the sequence us-
ing the current image and a motion field is pos-
sible, but more difficult [13]. The interpolation
algorithm and parameters will be fixed in this pa-
per for simplicity. Any prediction error, however,
should be quoted in context of the interpolation
algorithm and parameters used.

2.2 Residual motion

Szeliski proposes computing the residual motion
between the predicted and actual image to com-
pensate for small mis-registrations [11]. The
residual motion is used to warp the predicted im-
age, and a new prediction error is computed. The
residual motion is computed in a small neighbour-
hood around each pixel, less than 2× 2 pixels in
extent, on the predicted image. The pixel inten-
sities in this neighbourhood are interpolated. The
motion vector selected, is the shortest which min-
imises the squared difference between the inter-
polated predicted intensity and the pixel intensity
in the actual image (corresponding to the origin
of the region).

Residual flow estimation is neglected in this pa-
per. Most motion estimation algorithms assume a
particular motion model, for example, most block
matching algorithms assume a linear translation
model [6]. When the actual motion does not fit
this model one cannot expect the prediction error
at each pixel to be the result of noise alone. This
is likely the most significant source of error. Cor-
recting the prediction error potentially skews the
comparison of two algorithms since the prediction
error is modified.

3 An extension

The proposed extension embeds Szeliski’s metric
into a Bayesian formulation. Some constraints on
the motion field are incorporated as well.

The Szeliski metric does not involve a descrip-
tion of the motion field. It is conceivable that two
very different motion fields may be seen as sim-
ilar by the Szeliski metric. Two different motion
fields, provided the displacement vectors point to



similar regions in the subsequent frame in the im-
age sequence, may after warping, produce similar
predicted images.

Ideally, if the motion compensation is exact
and, neglecting the borders of the images, no data
is introduced or removed, the prediction error will
be generated by a noise field alone. This implies,
by Bayes rule [8]:

P(M |D) =
P(D|M)P(M)

P(D)
(1)

where:

(i) M denotes the motion field.

(ii) D denotes the difference between an image
and its warped predecessor in a sequence.

(iii) P(D), is the probability of the data, a nor-
malisation constant, or:

P(D) =
∑
∀k∈M

P(Dk|Mk)P(Mk) (2)

(iv) P(M), the prior distribution, is the assumed
probability of a particular motion field.

(v) P(M |D), the posterior distribution, is gen-
erated from the motion field and a pair of
images in a sequence.

(vi) P(D|M) will be computed as follows:

(1) Assume a zero mean noise model, for
example Gaussian.

(2) Treat the prediction error as samples
from the noise model. For Gaussian
noise:

P(D|M) =
∏

∀(x, y)∈D

1
√

2πσ
e−

D(x,y)2

2σ2

(3)

As is, it will be impossible to evaluateP(D).
However,

P(Mp|D)

P(Mq|D)
> 1 if Mp more likely thanMq (4)

This makes it possible to rank motion estima-
tion algorithms.

3.1 Selecting a prior

The prior will be used to constrain the magnitude
and smoothness of the motion. The prior,P(M),
will implemented as a Gibbs distribution. The
Gibbs distribution may defined as [8]:

P(M) =
e−H(M)

Z
(5)

3.1.1 Constraining length

Usually, one places bounds on the maximum
length of a motion vector(u, v). A trivial prior
is:

PS(M) =
1

2πσ 2
e−

u2
+v2

2σ2 (6)

Sigma weights against large motion.

3.1.2 Smoothness

Several definitions of local smoothness exist in
the optical flow literature (see [3] for some ex-
amples). Horn and Schunk’s [9] definition will
be used,u2

x + u2
y + v

2
x + v

2
y. This will be im-

plemented via central differences on a four con-
nected neighbourhood, yielding:

H(M(x, y)) =
1

4

(
u(x+1, y) − u(x−1, y)

)2
+(

u(x, y+1) − u(x, y−1)
)2
+(

v(x+1, y) − v(x−1, y)
)2
+(

v(x, y+1) − v(x, y−1)
)2

(7)

If one allows a range of motion on
the four neighbouring pixels then the
space of motion vectors possible (Q) is:
(U × V)× (U × V)× (U × V)× (U × V),
whereU andV denote the range of values of the
x and y components of a motion vector.

The partition function at a pixel is thus:

Zpixel =
∑
∀k∈Q

e−H(k) (8)

The partition function (a normalisation con-
stant),Z, is then:



Z =
(
Zpixel

)Number of pixels
(9)

It is possible to allow for discontinuities in the
motion field by introducing line processes to ac-
count for edges (see [1], for example).

Combining equation 4 and the suggested prior,
implies selecting the motion field which min-
imises:

E=

∑
∀(x, y)

H(M(x, y)

+
 ∑
∀(x, y)∈D

D(x, y)2


(10)

4 Some experimental results

Two simple motion estimation algorithms will be
compared via the extension to Szeliski’s metric.
An optical flow type algorithm by Tistarelli [12]
and an exhaustive search in a limited region will
be considered [6]. These algorithms are used for
illustrative purposes. The tunable parameters of
the algorithms will be found by optimising using
the extension as a cost function.

The correlation between the results of the met-
ric and the difference between the known and esti-
mated motion is examined subsequently. The fea-
sibility of estimating the algorithm parameters is
examined. The feasibility of selecting a suitable
motion estimation algorithm is examined.

4.1 Tuning algorithm parameters

A attempt will be made to find optimum param-
eter values for some common motion estimation
algorithms on a training sequence. The perfor-
mance of the algorithms on a test sequence will
be examined subsequently. The parameter space
is small and the optimum parameter values are
found by exhaustive search. The parameters are
selected by finding the parameter values which
minimised the metric described above. The train-
ing sequence is a sequence of ten froth images.

(i) Tistarelli’s optical flow algorithm.The fol-
lowing is solved by selecting the pair with

highest magnitude determinants, and aver-
aging the solutions proportional to the abso-
lute value of the determinants [12]:

 Ex Ey

Exx Exy

Eyx Eyy

(u
v

)
=

 Et

Ext

Eyt

 (11)

The images are slightly Gaussian filtered,
using a sigma of 1, to reduce the susceptibil-
ity of the image derivatives to noise. If any
of the determinants is belowτ = 27, the so-
lution is set to zero. The final motion field
is Gaussian low-pass filtered with the given
sigma,σ = 5. The error is: 2554.96 per
pixel.

(ii) Full search. The block size and search win-
dow is allowed to vary between 3 and 21.
The block size selected is 3× 3. The di-
mensions of the search region is 5× 5. The
error is: 121.17 per pixel.

Figure 1 shows the prediction error, predicted
image and motion field for the full search algo-
rithm with the parameters specified. The third and
fourth images in the training set were used to gen-
erate these images. The error image shows signif-
icant error at the edges of the bubbles. The pre-
dicted image shows few obvious distortions. Note
the motion field is fairly homogenous.

4.2 Algorithm selection

The algorithms examined before will be applied
to a training sequence and the results compared.
The test sequence is a sequence of ten froth im-
ages subsequent to the images used to select the
parameters.

(i) Tistarelli. Error per pixel: 2430.03.

(ii) Full search. Error per pixel: 210.343.

The full search is then preferred. The poor per-
formance of the optical flow algorithm is likely
due to the smoothness of the froth image.



5 Conclusions

Szeliski’s metric may be used to compare mo-
tion estimation algorithms in a quantitative man-
ner. The extension allows prior information on
the motion field to be incorporated. Optimising
the tunable parameters of a motion estimation al-
gorithm is shown to be feasible. Selecting a al-
gorithm from a number of competitors is possible
without requiring labelled data.

The evaluation metric described does not con-
firm the correctness of an estimated motion field.
The possibility that two different estimated mo-
tion fields may produce identical prediction errors
cannot be excluded. The algorithm selected, how-
ever, is optimal in light of the assumed noise and
motion models.
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(a) The prediction error (inverted).

(b) The predicted image.

(c) The motion field (scaled by factor of 2.

FIGURE 1: Performance of the full search algorithm.


