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Abstract

First, we examined a number of methods to per-
form forward and backward image reconstruction
using optical flow. Given an image and its opti-
cal flow, we used these methods to generate the
next image in the sequence. The RMS differences
between the actual next images and their recon-
structed versions for 3 synthetic image sequences,
for which the correct flows were known, allowed us
to determine which of our reconstruction methods
performed their task well. '

Second, we examined the suitability of using good
Image reconstruction methods as an error metric for
optical flow fields computed from image sequences
for which the correct flow is unknown. Again, the
RMS differences between the actual next images
and their reconstructed versions, which were created
using the flows computed by one of 4 well known
optical flow methods, were recovered for both the
set of synthetic and a set of 4 real image sequences.
RMS error was found to be a good indicator of opti-
cal flow error for the better reconstruction methods.

1 Introduction

2D image motion results from the projection of the
3D motion of environmental points moving relative
to a sensor’s image plane. Both the sensor and the
environmental point are free to move independently.
Optical flow (also called image velocity) is a com-
puted approximation to this image motion based
on the assumption that any changes in the spatio-
temporal intensities in the sequence are due entirely
to the relative motion of the sensor and the scene.
The measurement of optical flow is a fundamental
problem in Computer Vision and has many applica-
tions. For instance, 3D motion and structure can be
inferred from 2D velocity fields (32, 21] or 2D dis-
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placement fields [20, 40] or directly from intensity
derivatives [1, 28].1 Optical flow can also be used to
perform motion detection and object segmentation
(5, 30, 35, 27, 38, 8, 14], to compute the focus of
expansion and time-to-collision [34, 31, 39, 13], to
perform motion compensated encoding [6, 26, 29]
and to compute stereo disparity [3, 15, 17].

Many methods for computing optical flow have
been proposed. Nine of these methods, represen-
tative of the various proposed paradigms for com-
puting optical flow, have been examined by Bar-
ron et al. [4]. Their work computed optical flow
using these techniques for a number of synthetic
image sequences for which the correct optical flow
was known and then performed a quantitative er-
ror analysis using the computed and correct flows.
Flows for a number of real image sequences were
also computed but since the correct flows were not
available (because the correct environmental depth
was not measured during the acquisition process),
only a qualitative analysis was possible. We used
the computed optical flow for a particular image in
a sequence to compute the next image in that se-
quence and then compared the reconstructed image
with the actual next image by computing the RMS
(Root Mean Squared) difference between them [19].
Provided the image reconstruction was relatively er-
ror free, this RMS error was well correlated with ac-
tual flow error. This error metric has been used by
others [29, 7, 25, 41, 24] but typically only linear in-
terpolation was used in the reconstruction. We are
interested in more accurate image interpolation that
would allow good, relatively error-free, reconstruc-
tion of images with arbitrary 2D motion. Towards
this goal, we examined a number of interpolation
schemes for performing this task.

The interpolation methods we considered used
both forward and backward projection of im-

1 Direct motion and structure imposes a rigidity assump-
tion on the interpretation of spatio-temporal intensity deriva-
tives, implicitly imposing that assumption on any computa-
tion of image velocity from the resulting motion and structure
parameters.
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age intensities, based on the image velocities mea-
sured at grid locations in an image sequence.? We
used 4 optical flow methods to generate flows for
3 synthetic and 4 real image sequences and used
these flows to reconstruct the next images in the se-
quences. Comparison of the reconstructed and ac-
tual next images was performed by computing the
RMS error

RMS error = \/Z’c Zy(I(:c, y,t) — I'(z,y,1))?

M x N :

(1)
where I(z,y,t) and I'(z, y,t) are the actual and re-
constructed images of size N x M at time t. For the
synthetic image sequences we also had the correct
flows and we used Fleet and Jepson’s angle error
[10] to measure the flow error. Treating velocity as
a spatio-temporal vector Vv = (u,v,1) in units of
(pixel,pixel,frame) we measured angle error as

® = cos™(V, - Ve), (2)

where & is the angle between the correct spatio-
T
temporal vector ¥, = Yetel) anq the estimated

spatio-temporal vector v, = —f}‘% and u and
v are the z and y components of an image veloc-
ity. Below, we show that angle error is well corre-
lated with RMS error for the better reconstruction
methods for the synthetic image sequences. We also
demonstrate that RMS error can be a good measure
of optical flow error in real image sequences with
unknown correct flow.

2 Computing Optical Flow

As noted above, we considered a number of optical
flow methods which were found to be accurate and
had other interesting features (such as a way of com-
puting confidence measures or certainty factors on
the image velocities). We used the local differen-
tial method proposed by Lucas and Kanade [23, 22]
with modifications proposed by [9], the global dif-
ferential method proposed by Horn and Schunck
[12], the correlation method of Singh [36, 37] and
the phased based frequency method of Fleet and
Jepson [10, 11]. Below, we describe the 4 methods
briefly, further details are in the original citations
or in Barron et al. [4].

e Lucas and Kanade: Our implementation
presmoothes the image sequence by using a
spatio-temporal Gaussian with a standard de-
viation of ¢ = 1.5 and performs spatio-
temporal differentiation using 4-point central

2We also investigated various surface fitting schemes for
reconstruction but obtained poor results.

differences. A full velocity is computed at each
image grid point from a weighted least squares
fit of the normal velocities about each point
to a full velocity at that point. Normal veloci-
ties are themselves computed from local spatio-
temporal intensity derivatives. The smallest
eigenvalue, As, of the least squares matrix serve
as confidence measures on the reliably of the
computed velocities [9].

e Horn and Schunck: Presmoothing and dif-
ferentiation are performed as described above
for Lucas and Kanade. Instead of imposing a
constant local model of velocity on the normal
velocities however, Horn and Schunck impose a
global smoothness constraint. That is, veloci-
ties are assumed to vary smoothly everywhere.
A functional incorporating this constraint is
regularized by solving a set of iterative equa-
tions. Barron et al. used the spatial gradient
of the image intensity, VI, as a confidence mea-
sure [4].

e Singh: Singh proposes a 2-step correlation
based computation. The first step uses sim-
ple correlation to compute a sum of squared
differences (SSD) surface. The SSD values are
converted to a probability distribution (via an
exponential) and velocities are computed as
weighted averages of these values. The small-
est eigenvalue, A;, of a covariance matrix pro-
vide confidence measures. Singh’s second step
imposes a smoothness constraint on the ve-
locities found in the first step. Smoothing of
step 1 SSD velocities is carried out using itera-
tive equations. Again, covariance matrix eigen-
value, A1, provide confidence measures. Singh
also employs a coarse-to-fine velocity strategy
in a Laplacian pyramid to handle fast motions
and gain computational efficiency. We only use
the lowest level of the pyramid in our imple-
mentation [4] as the motions in our test image
sequences are relatively slow.

e Fleet and Jepson: Their method computes
spatio-temporal phase gradients from a large
number of thresholded Gabor filter responses,
where each filter is tuned to a different set of
spatio-temporal frequencies. These phase gra-
dients allow component velocities? to be recov-
ered. The component velocities in local neigh-
bourhoods are fit to a 1°' order local least

3Component velocities are those normal to local phase
structure while normal velocities are those normal to local
gradient structure



squares velocity model. No explicit confidence
measures are available as Fleet and Jepson’s
method is currently formulated, although they
provide a thresholding mechanism based on the
frequency and amplitude responses of the fil-
ters. We perform this thresholding by using
T =1.25 as in [4].

3 The Image Data

We use 3 synthetic image sequences for which the
correct flows are known [4]:

¢ Translating Tree sequence: The image mo-

tion is left to right translation. This simulates a

camera moving normal to its line of sight along

its z—axis, with velocities all parallel with the

image z—axis and having speeds between 1.73
and 2.26 pixels/frame.

¢ Diverging Tree sequence: The sensor moves
along its line of sight with the focus of ex-
pansion at the centre of the image and image
speeds vary from 1.29 pixels/frame on left side
to 1.86 pixels/frame on the right.

* Yosemite Fly-Through sequence: This is a
complex graphically generated image in which
different parts move in different directions. The
camera moves along its line of sight towards the
mountain/valley (basically producing diverging
flow) while the fractal-based clouds moves left
to right at one pixel/frame. Speeds of up to
9 pixels/frame are exhibited in the lower left
hand corner of the image.

We also use reconstruction error to investigate the
optical flow error in the 4 real image sequences de-
scribed in [4] for which the correct flow is unknown:

* SRI Trees Sequence: In this sequence the
camera moves from left to right, parallel to the
ground plane and perpendicular to its line of
sight. Velocities are as large as 2 pixels/frame.

» NASA Sequence: In this sequence the cam-
era moves along its line of sight toward the
Coke can, near the centre of the image. The
motion field induced by this movement is sim-
llar to that of Diverging Tree Sequence.
Speeds are less than 1 pixel/frame.

* Rotating Rubik Cube: In this sequence a
Rubik’s cube is rotating counter-clockwise on
a turntable. The velocities induced by the ro-
tation of the cube are less than 2 pixels/frame.

¢ Hamburg Taxi Sequence: In this sequence
there were four moving objects: 1) the taxi near
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the centre of the image turning the corner, 2) a
car in the lower left, driving from left to right,
3) a van in the lower right driving from right to
left and 4) a pedestrian in the upper left. Image
speeds of the four objects are approximately
1.0, 3.0, 3.0 and 0.3 pixels/frame respectively.

The Translating and Diverging sequences were
created by David Fleet at Queens while the
Yosemite sequence was created by Lynn Quam at
SRI. The Nasa and SRI images were obtained from
the IEEE Motion Workshop Database at Sarnoff
Research Centre, the Hamburg Taxi sequence was
provided by the University of Hamburg and the
Rubik Cube sequence was provided by Richard
Szeliski at DEC.

4 Backward Reconstruction

We denote the velocity at I(z, y,t), the intensity at
image location (z, y) at time ¢, as v(z, y,t) = (u, ).
We create a new image by using I(z — uét, y — vét)
as the intensity at location (z,y). For example, if
v = (1.43,2.31) at location (50,50) at time ¢ then
for 6t = 1 we use the intensity at (48.57,47.69) in
the image at time ¢ as the intensity at (50,50) at
time ¢ + 1. The accuracy of this reconstruction de-
pends on how precisely we can compute the sub-
pixel intensities, i.e. the quality of the interpola-
tion and the satisfaction of the implicit assumption
that local intensity varies smoothly (this is not true,
for example, at occlusion boundaries or image re-
gions containing detailed texture). While we can
compute dense flow fields from the 4 flow meth-
ods, they sometimes have thresholding capabilities,
l.e. we can obtain a sparse but more accurate flow
field. A question arises about how one might re-
construct parts of the image for which there is no
reliable flow, because in general, good interpolation
can be obtained only for dense flows. Our solution is
to “fill-in” in sparse, accurate flows using linear in-
terpolation between pairs of non-adjacent horizon-
tal/vertical image velocities. This does introduce
some errors but produces a dense and reasonably
accurate flow in most cases. In general, “filled-in”
flow fields are more accurate than unthresholded
dense flows [18, 19]. Note that for the Lucas and
Kanade and Fleet and Jepson flows computed for
the Yosemite sequence, no reliable velocities can be
detected for the clouds (upper 1/3 of the image)
and so we do not fill in velocities here. For pixels
without flow we assume a velocity of zero, meaning
the pixel intensities do not change over time. In
general, the filled flow fields are more accurate than
the unthresholded flow fields. They are also more
dense but less accurate than the thresholded flow
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fields (see Table 1).

We examined 3 interpolation techniques for back-
ward reconstruction: bilinear interpolation, 2D
polynominal interpolation and bicubic spline
interpolation, to compute subpixel intensity val-
ues [33).

Bilinear interpolation uses the four pixels: (%, j),
(i+1,5), (i+1,j+1) and (4,5 + 1), that surround
(z,y), where i is the biggest integer smaller than
¢ and j is the biggest integer smaller than y. The
intensity at subpixel location (z,y) is interpolated
as

I(z,y) = (1 =t)(1 — w)I(5,5) + t(1 —w)I(i + 1, 5)

Ftul(i+1,5+1)+ (1 —t)ul@i+1), (3)

where t = z—1 and u = y—j. Bilinear interpolation
is fast but less accurate than might be desired.

To obtain more accurate interpolation, we can use
higher order interpolating functions. A technique
called Neville’s algorithm [33] finds the coefficients
of an order m polynominal that interpolates a 1D
set of intensity values by constructing a binary tree
bottom-up via a recursive computation. The inten-
sity value at a parent node for some subpixel loca-
tion is found by linearly interpolating the intensity
values at its two children nodes. The leaf nodes con-
tain the original intensity values at adjacent pixel
locations in one of the image dimensions. After the
tree construction, the intensity at the tree’s root
is the final interpolated intensity. To perform 2D
interpolation, we perform 1D interpolations in one
dimension and then perform 1D interpolations on
these results in the orthogonal dimension.

In some situations, interpolating polynomials are
not suitable because they exhibit an oscillatory be-
havior as their degree increases [16]. To overcome
this oscillatory behavior and still provide a smooth
interpolation, we use Cubic spline interpolation
[33]. Then Bicubic spline interpolation is per-
formed as cubic spline interpolation first in one di-
mension and then cubic spline interpolation of those
results in the orthogonal dimension.

5 Forward Reconstruction

Forward reconstruction is an alternative to back-
ward reconstruction. Since we have the velocities
at the grid locations in an image we can project the
intensities of those locations onto subpixel image
locations at the next time. Thus I(z,y,t) is pro-
jected to I(x+uébt,y+vét,t+6t). We then interpo-
late these image intensities at the subpixel locations
onto the grid (integer) locations. We consider the
use of linear patch intensity interpolation [33]

and a modification of it that we call linear patch
displacement interpolation.

Linear patch interpolation is used to interpolate
on a mesh that is not Cartesian, i.e. that has inten-
sity values at non-integer points in 2D space rather
than at the vertices of a rectangular grid. In order
to compute the intensity at each pixel location in
the image via linear patch interpolation, we must
find the four subpixel locations which are closest
to that pixel in the top-left, bottom-left, bottom-
right and top-right non-overlapping quadrants. Let
(z1,91), (z2,¥2), (z3,y3) and (z4,ya) be those four
subpixel locations. It is not difficult to find these
four subpixel locations by searching the entire sub-
pixel image. But this is computationally expensive.
We reduce the search range by limiting the magni-
tude of velocity components in z or y direction to be
less than or equal to S,,. This search almost always
finds four subpixel locations with which to perform
linear patch interpolation for some location (z,y),
provided (z,y) is not within Sy, of any of the flow
field’s boundaries. In the event the search is unsuc-
cessful, no interpolation can be performed and the
intensity at (z,y) in the previous image in simply
copied to (z, y) in the reconstructed image. For suc-
cessful searches, interpolation is performed by using
several applications of linear interpolation on these
subpixel locations.

A modification to linear patch intensity interpola-
tion is possible that may provide improved results.
Because image intensity can vary greatly in local
image neighbourhoods due to, for example, texture
detail, using patch interpolation schemes to inter-
polate image intensities in such neighbourhoods can
be less accurate than desirable. On the other hand,
velocities (i.e. displacements), measured in such
neighbourhoods should vary smoothly almost ev-
erywhere, meaning that their interpolation should
be much more accurate. We use linear patch dis-
placement interpolation to obtain these interpo-
lated displacements at integer locations. If a pixel
(z,y) has a velocity (u,v) at time ¢ then at time
t + 6t subpixel (z + ubt,y + vét) has the displace-
ment (—udt, —v6t). We use linear patch interpola-
tion to compute the pixel displacement field. Then,
we perform backward reconstruction using bicubic
spline interpolation to compute the intensity values
for each interpolated displacement.

6 Using Weighted Averaged
Flow Fields

Since accuracy is the main attribute we desire in any
image reconstruction, we can smooth the flow field
to suppress noisy velocities and to de-emphasis un-



reliable velocities in the interpolation. We employ
two smoothing/averaging methods:

1. We smooth the velocity fields using a 2D Gaus-
sian with a standard deviation of 1.5.

2. Depending on the technique, larger or smaller
confidence measures can indicate better or
worse velocities. We use these confidence mea-
sures to compute weighted velocity averages

Zz lvz

e = E ZE #0 (4)
g= i=1
or 9 o

and use these velocities in the reconstruction
process. Equation (4) is used for those confi-
dence where bigger values indicate more reli-
able velocities (Lucas and Kanade or Horn and
Schunck) while equation (5) is used when small
confidence measures indicate more reliable ve-
locities (Singh). Zheng and Blostein [41] com-
pute flow using the same average velocity cal-
culation as in equation (5) in an Anandan-like

flow computation [2], in their work E; are the

scaled SSD values used in the matching.

7 Results and Discussion

Below we give the results of our image reconstruc-
tion analysis. Due to space limitations we cannot
show actual flow fields, their reconstructed images
or the corresponding RMS error images, these are
given in [19] and a thesis [18].

7.1 Angle Error for the Synthetic
Images

Table 1 shows the angle error and standard devi-
ation for the 3 synthetic image sequences for the
4 optical flow methods. Of interest is the error
introduced by “filling” in the flow field performed
by Lucas and Kanade and Fleet and Jepson where
thresholding produces more accurate but less dense
flow fields. For the translating and diverging tree
sequences, the filled flow fields have about the same
accuracy but are 100% dense while the filled flows
for the Yosemite Fly-Through sequence are denser
(about 80% density as flow for the clouds can not be
filled, leading to increased RMS error for that part
of the image). Although Singh’s method provides
thresholding capabilities, the flows, while more ac-
curate, are too sparse to allow filling, with the ex-
ception of the translating tree sequence. For this
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sequence, thresholding on eigenvalue A\; < 5.0 pro-
duced 0.72°£0.75° error with 41.4% density. Filling
produced a flow field with 1.00° & 1.55° error and
99.2% density.

7.2 Reconstruction Error for the
Synthetic Image Sequences

Table 2 shows the RMS reconstruction error for the
3 synthetic image sequences for the 4 optical flow
methods. We show RMS error for bilinear interpola-
tion (BI), 2D polynomial interpolation (PI), bicubic
spline interpolation (BSI), forward intensity inter-
polation (FII), forward displacement interpolation
(FDI), bicubic spline interpolation with smooth-
ing (BSIS), forward displacement interpolation with
smoothing (FDIS), bicubic spline interpolation with
weighting (BSIW) and forward displacement inter-
polation with weighting (FDIW).

There is reconstruction error present even when
the correct flow fields are used in the reconstruction
although it is significantly less than the error in re-
constructed images made with noisy flows. Overall,
BSIS and FDIS proved to be the best interpola-
tion schemes when using the computed flows, with
BSIW and FDIW following closely behind. There
1s good correlation between optical flow angle error
and reconstruction error for these methods. The
angle error and reconstruction error generally occur
at the same image locations, with the exception of
Fleet and Jepson’s flow fields which are too sparse
to be properly filled.

7.3 Reconstruction Error for the
Real Image Sequences

RMS error for the 4 real image sequences for the 4
optical flow methods are given in Table 3 for BSIS
and FDIS. The error intensity images for the SRI
Trees sequence show that a lot of reconstruction er-
ror is present in the upper middle part of the se-
quence near the tree trunks where there is a lot of
occlusion. The 4 flow techniques all have problems
computing flow here. For Lucas and Kanade, as
the eigenvalue threshold was increased (producing
more accurate but less dense flow) RMS error actu-
ally also increased, due to filling error. In general,
RMS error decreased with more accurate flows. For
Singh, smoothed (step 2) flow fields allowed more
accurate reconstruction and hence, less RMS error.
Although Fleet and Jepson was found to be bet-
ter than the other 3 techniques [4], the flow fields
were so sparse (as computed) that after filling, the

flow fields were less accurate and hence yielded more
RMS error.
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Method Translating Tree Diverging Tree Yosemite

Ave. | St. Dev. | Density Ave. St. Dev. | Density Ave. St. Dev. | Density
L&K 1.15° 1.53° 100% 2.64° 2.81° 100% 11.99° 17.94° 100%
L&K (A2 > 1.0) 0.66° 0.67° 39.55% 1.94° 2.06° 48.18% 4.11° 9.58° 33.76%
L&K (filled) 0.60° | 0.57° 100% || 2.11° | 2.00° 100% || 6.33° | 11.59° | 81.25%
H&S 2.14° 3.04° 100% 2.55° 3.67° 100% 11.30° 16.34° 100%
H&S (VI > 5.0) 2.05° 3.48° 58.0% 2.50° 3.89° 53.5% 5.48° 10.41° 32.9%
H&S (VI > 5.0, filled) 1.85° 2.90° 100% 2.82° 4.90° 100% 8.80° 11.43° 92.4%
Singh (step 1) 1.64° 2.44° 100% 17.66° 14.22° 100% 18.22° 17.01° 100%
Singh (step 2) 1.24° | 1.66° 100% || 10.07° | 6.56° 100% || 13.16° | 12.07° | 100%
F&J (unfilled) 0.23° | 0.19° | 49.68% || 0.80° | 0.73° | 46.54% | 4.95° | 12.39° | 30.64%
F&J (filled) 0.27° 0.21° 100% 1.50° 2.05° 100% 13.93° 22.98° 80.80%

Table 1: Angle Errors, standard deviations and densities for Lucas and Kanade, Horn and Schunck, Singh
and Fleet and Jepson for the 3 synthetic images.

Translating Tree Sequence
Method BI PI | BSI FII FDI || BSIS | FDIS || BSIW | FDIW
Correct Flow 2.02 | 1.62 | 1.59 || 3.50 | 1.61 || NJA | N/A || N/JA | N/A
L&K 2.27 | 1.92 | 1.90 7.55 1.92 1.85 1.67 1.70 1.70
L&K (A2 > 1.0) 2.10 | 1.68 | 1.67 6.04 1.75 1.63 1.64 1.64 1.67
H&S 3.81 | 3.41 | 3.40 4.96 2.37 3.42 2.20 3.23 2.21
H&S (VI > 5.0) 3.70 | 3.39 | 3.36 4.39 221 3.35 2.11 3.25 2.16
Singh (step 1) 2.88 | 2.80 | 2.82 6.36 3.32 2.60 2.66 2.72 3.20
Singh (step 1, A1 < 5.0) || 3.09 | 2.66 | 2.64 5.96 2.10 2.56 2.02 2.60 2.00
Singh (step 2) 2.67 | 2.60 | 2.58 4.45 2.40 2.34 2.38 2.47 2.46
F&J 2.08 | 1.66 | 1.64 3.46 1.64 1.62 1.60 N/A N/A
Diverging Tree Sequence
Method BI PI | BSI FII FDI || BSIS | FDIS || BSIW | FDIW
Correct Flow 454 | 348 | 3.37 || 457 | 3.36 | N/A | N/JA | N/JA | N/A
L&K 485 | 3.73 | 3.60 5.44 3.65 3.55 3.56 3.61 N/A
L&K (A2 > 1.0) 4.87 | 3.72 | 3.58 5.47 3.62 3.50 3.59 3.52 3.60
H&S 4.97 | 4.02 | 3.91 5.27 3.74 3.86 3.71 3.89 3.72
H&S (VI > 5.0) 494 | 3.95 | 3.89 5.35 3.76 3.85 3.71 3.84 3.70
Singh (step 1) 8.88 | 8.09 | 8.10 || 11.86 | 10.15 6.93 7.11 7.62 7.98
Singh (step 2) 6.01 | 5.76 | 5.63 6.63 5.69 5.53 5.57 5.60 5.67
F&J 5.14 | 3.91 | 3.76 5.31 3.77 3.74 3.76 N/A N/A
Yosemite Fly-Through Sequence
Method BI PI | BSI FII FDI || BSIS | FDIS || BSIW | FDIW
Correct Flow 631 | 592 | 582 || 6.81 | 579 || NJA | NJA | N/A | N/A
L&K 6.67 | 6.18 | 6.09 8.57 6.07 5.97 5.88 6.01 5.90
L&K (A2 > 1.0) 6.77 | 6.44 | 6.42 7.56 6.29 6.27 6.19 6.29 6.19
H&S 6.90 | 6.81 | 6.71 8.14 6.62 6.58 6.38 6.59 6.39
H&S (VI > 5.0) 7.01 | 6.60 | 6.51 7.18 6.38 6.41 6.17 6.44 6.18
Singh (step 1) 8.51 | 7.31 | 7.32 || 10.49 | 7.83 6.76 6.70 7.18 7.05
Singh (step 2) 7.02 | 6.41 | 6.33 7.25 6.38 6.30 6.34 6.32 6.36
F&J 8.28 | 8.22 | 8.12 8.32 7.15 7.93 7.09 N/A N/A

Table 2: RMS errors for various interpolation schemes for the 3 synthetic image sequences for Lucas and
Kanade, Horn and Schunck, Singh and Fleet and Jepson.
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Method SRI Trees Nasa Rubik Cube Taxi
BSIS | FDIS || BSIS | FDIS || BSIS | FDIS || BSIS FDIS
L&K 7.21 7.19 1.91 1.98 1.22 1.28 3.79 3.90
L&K ()\2 = 1.0) 7.20 7.20 2.01 2.05 3.05 2.64 4.17 4.24
H&S 7.49 7.43 2.03 2.01 2.96 1.94 3.82 3.93
Singh (step 1) 8.16 8.07 3.88 3.91 3.23 3.50 4.11 4.27
Singh (step 2) 75 7.63 3.58 3.60 2.82 2.93 4.04 4.18
F&J 7.14 712 25T T 2.75 3.04 2.43 4.09 4.13

Table 3: RMS error for the Real Image sequences for various interpolation schemes for flows computed by
Lucas and Kanade, Horn and Schunck, Singh and Fleet and Jepson.

8 Conclusions

We have shown that image reconstruction is a useful
optical flow error metric. For the 3 synthetic image
sequences we have shown that angle error is well cor-
related to RMS reconstruction error for a number of
the better interpolation techniques. The error im-
ages for the angle error and the RMS error are well
correlated. This demonstrates that RMS error is a
good indicator of angle error. As well, we saw that
using optical flow confidence measures during recon-
struction was beneficial to the interpolation calcu-
lations. For the 4 real image sequences we saw that
the error intensity images indicate large error at ob-
Ject boundaries/occlusion boundaries where image
velocity computation is problematic.

Reconstruction is difficult at occlusion bound-
aries. For a surface A, whose motion covers another
surface B (A occludes B), then forward reconstruc-
tion seems best. On the other hand, if surface A is
being uncovered by the motion of surface B (B dis-
occludes A), then backward reconstruction is best.
What is needed is a hybrid reconstruction method
that detects the location and type of occlusion and
uses either forward or backward reconstruction de-

pending on which surface is being occluded or dis-
occluded.
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