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Abstract
Optic flow has proven itself to be a powerful
sensor modality for a wide range of robotic applications. The most popular optic flow algorithms, however, still tend to be based on classical algorithms developed in the era of analog video systems. In this work we reconsider
the foundations of optic flow computation for
robotic applications from a modern statistical
and computer hardware point of view. We assume that high speed digital camera systems
and inertial image compensation are used to reduce the problem to computing sub pixel flow
and consider algorithms with the potential to
be implemented on FPGA computing hardware. In this paper we propose a novel flow
algorithm, based on a combined least-squares
and coupled generalized-total-least-squares optimization procedure that yields high quality
flow estimates for acceptable computational
load.

1

Introduction

The computation of optic flow from a sequence of images
is a classical problem in the computer vision community.
Early techniques, summarized in the seminal paper by
Barron [Barron, 1994] are classified as Differential methods [Lucas and Kanade, 1981; Horn and Schunck, 1981;
Bruhn et al., 2005], Region Matching [Anandan, 1989;
Srinivasan, 1994] , Phase based [Buxton and Buxton,
1984] and Energy based methods [Adelson and Bergen,
1985].
Another approach for computing optic flow emerges
from the study of insect biology. A review on this field
is made by Borst et al [Borst et al., 2010]. This neuromorphic approach tries to recreate the neural structure
of insects in the early stages of vision. Reidchardt [Reichardt, 1987] proposed the Elementary Movement Detector, based on the correlation of adjacent intensity signals for estimating local displacement. Implementation

of this detector on custom hardware exists with applications in robotic navigation [Plett et al., 2012].
In robotics, optic flow information offers a rich representation of the environment and is a key cue in motion
control of robotic vehicles [Srinivasan, 2011; Coombs et
al., 1995; Desouza and Kak, 2002; McCarthy et al., 2008;
Herisse and et al., 2012]. However, raw data coming
from cameras must be processed to extract flow information, requiring considerable computing power and memory bandwidth, not always available on small embedded
platforms. This leads us to investigate algorithms for optic flow computation that can be implemented on embedded architectures suitable for small scale, non-expensive
mobile robotic vehicles.
The approach taken in this paper is based on the requirement that only sub-pixel optic flow need be computed, a reasonable assumption given the availability of
low-cost high speed digital cameras and inertial measurement units that can be integrated in an embedded computing environment to remove rotational motion in the
considered image sequence [Lobo and Dias, 2004] . Classical differential algorithms depend on the computation
of image derivatives as input data for the optic flow computation. We replace this computation by a weighted
least squares estimation of a local spatio-temporal image intensity model. Such a model is based on three
assumptions; an intensity model, an illumination model,
and a motion model. By formalizing the assumptions,
we are no longer forced to use classical image differential algorithms in the preprocessing stage of the optic
flow computation. This leads to a clean statistical treatment of the optic flow problem and provides a framework
for future consideration of more complex image models.
The estimated model parameters form the input data
for a generalized total least squares problem from which
optic flow is computed. An advantage of this approach
is that both least squares processes can be treated in a
statistically correct manner and the relative scaling of
data uncertainty is incorporated in the flow estimation.
The resulting computation has similar complexity than
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classical gradient-based methods.
Total least squares methods have been used before
to handle noise in image derivatives computation in
gradient-based methods [Weber and Malik, 1995; BabHadiashar and Suter, 1998; Ng and Solo, 1998]. Although these works use a Total Least Squares (TLS)
framework for computation of the optic flow, they do not
formalize the underlying image continuity and motion
assumptions that go into generating the image derivatives that form the data for the TLS problem. A key
contribution of our paper is to make these assumptions
explicit.
This paper is divided as follows. Section 2 reviews the
basic ideas behind differential methods for computing
optic flow. Section 3 presents the problem formulation
and the spatio-temporal intensity model. In section 4 we
explain the least squares approach to estimate intensity
model parameters and then in section 5 the generalized
total least squares method is presented to estimate optic
flow. Section 6 shows experimental results. The paper
is concluded by a discussion in section 7 and conclusions
in section 8.

flow component parallel to the gradient ∇I(u, v, k) can
be estimated. This is known as the local aperture problem. In practice, a regularization process must be introduced to constrain the space of possible solutions [Bertero et al., 1988].
There are several examples of regularization terms.
Some of the best known are: Horn and Schunck algorithm [Horn and Schunck, 1981], in which a global
smoothness constraint is imposed over the optic flow
field, in form of a Laplacian of Φ(u, v), generating a system of equations to be solved simultaneously for all pixels in the image by means of iterative methods; Nagel
[Nagel, 1983] imposes local second order constraints to
the image intensity; Srinivasan [Srinivasan, 1990] applies
a series of spatiotemporal filters to the image, deriving
global velocity directly; and Lucas and Kanade [Lucas
and Kanade, 1981] assume constant flow in a neighbourhood around point (x,y,t) and then solves an overdetermined system of equations in a least squares sense.

Φ(u, v) = arg min

φx ,φy

2

Differential Methods for Optic Flow
Estimation

Differential methods are among the most widespread
techniques for computing optic flow. Let I(u, v, k) be
the image intensity at any pixel location (u, v, k) ∈ Z3 ,
where where (u, v) denote spatial coordinates and k the
time index. The basic assumption is that changes in intensity from two consecutive image frames at time k and
k + 1 is due only to relative change in position of the objects that compose the scene. Let (x, y, t) be the continuous variables that provide a sub-sample reference for the
discrete image sequence I(u, v, k). That is, (u, v, k) are
integer sample points of (x, y, t). Assuming that there
is a continuous spatio-temporal image I(x, y, t) of which
I(u, v, k) is a sampled version then, the constant brightness assumption can be stated as
d
I(x, y, t) = 0,
(1)
dt
meaning that the total derivative of image intensity
with respect to time is equal zero. A first order Taylor
expansion of Equation (1) around (x, y) gives:
∂I(u, v, k)
=0
(2)
∂t

>
where ∇I(u, v, k) = ∂I(u,v,k)
, ∂I(u,v,k)
denotes the
∂x
∂y
image gradient evaluated at (u, v, k), and Φ(u, v) =
(φx , φy ) the optic flow field. The solution to Equation
(2) is ill-posed, meaning that the two unknowns (φx , φy )
cannot be retrieved from only one equation. Only the
∇I(u, v, k) · Φ(u, v) +

2
X 
∂I
∇I · (φx , φy ) +
∂t

(3)

(u,v)∈Ω

Regardless of the differences in the regularization
terms, the basic template for a flow algorithm can be
summarized as follows:
1. Capture images at k = 0, 1 and preprocess them.
2. Compute partial derivatives on the image sequence.
3. Use some optimization framework to find the optic
flow field that minimizes the error between a sequence of images.
4. Output Φ(u, v)
The preprocessing step refers to any operation performed on the image before entering to the flow algorithm. Commonly, the images are smoothed to remove
high-frequency information that may perturb the final
results.

3

Problem Formulation

The optic flow estimation algorithm we propose is based
on the assumption of availability of images sequences at
very high frame rate, of the order of 100+ frames per second and that images are previously derotated by using
information from an Inertial Measurement Unit (IMU).
Under these assumptions, the relative displacement of
objects in the image sequence will be small in typical
operating conditions, and in practice we will assume the
flow is sub-pixel. Our hypothesis is that by having subpixel flow, computation of apparent displacement should
be simple, avoiding many of the overheads caused by
super-pixel displacement, such as the computation of a
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pyramid of scaled images [Bouguet, 2001]. Also, we aim
for a real-time implementation of this algorithm on custom hardware, such as FPGA platforms.
We propose the following template algorithm to compute optic flow:
1. Capture a sequence of images {I(u, v, k)} for k =
KI . . . KF
2. Build a sub-pixel image intensity model ˚
I(x, y, t)
upon the sequence of images that explain the change
in intensity values in both space and time.
3. Use some optimization framework to find Φ(u, v)
The need for a sub-pixel intensity model ˚
I(x, y, t)
comes intuitively from the need to compute motion in
a continuous fashion from the sampled image sequence.
In the more classical optic flow algorithms the intensity
model assumption is hidden in the smoothness requirements used to justify the method used to compute image
derivatives.
No pre-smoothing step is performed before flow estimation. The reason for this is that smoothing would
destroy the high-frequency information of the image intensity, decreasing the response of a sub-pixel based flow
estimation. If image smoothing is required, then this requirement is embedded in the image model class assumptions used to estimate ˚
I(x, y, t). This approach has the
advantage that the image estimation process can be formulated as a statistical inference problem. A generative
noise model of the intensity signal leads us to a model
of the noise characteristics of the image estimate that in
turn can be propagated into a noise model for the flow
estimates.
A spatio-temporal image model is based on three assumptions, and intensity model, a motion model and an
illumiation model. The intensity, illumination and motion models we have used in this paper are chosen to
correspond to the typical implicit assumptions present
in the differential methods optic flow literature that we
will compare to.
A simple two-dimensional linear intensity model for a
point (x, y) ∈ R2 is defined as:
˚
I(x, y) = ax1 x + ay1 y + a0 ,

(4)

where a1 = (ax1 , ay1 ) and a0 are the spatial model parameters.
The model given by (4) is associated with an image taken at an instant in time. In general, if there
is time variation in the illumination then the parameters
ax1 = ax1 (t), ay1 = ay1 (t), ao = a0 (t), , will be time varying.
The illumination model provides a model of this variation. In this paper we will use the standard assumption
of constant illumination, in our case, (ax1 , ay1 , a0 ) are constant.

The motion model we propose to use is a simple constant translational model (ẋ, ẏ) = (φx , φy ) such that
(x(t), y(t), t) = (x(0) + tφx , y(0) + tφy ) that holds over
a local domain in which we are interested in computing
displacement.
Combining the intensity, illumination and motion
model, we obtain the spatio-temporal intensity model

˚
I(xt , yt , t) = ax1 x0 + ay1 y0 + a0 + t(ax1 φx + ay1 φy ). (5)
Note that ax1 φx +ay1 φy is the inner product between the
model parameter vector a1 and the flow vector (φx , φy ).
It is clear then that it will only ever be possible to identify the scaled flow component b = a1 · Φ(x, y)
The spatio-temporal intensity model we will use is:
˚
I(xt , yt , t) = ax1 x0 + ay1 y0 + a0 + tb,

(6)

with free model parameters {ax1 , ay1 , a0 , b} to be estimated from image data.
The quality of the model parameter estimation depends on the generative noise model for the image intensity measurements I(u, v, t). Noise comes from the image acquisition process inside the camera, and depends
on light intensity falling upon the image sensor [Tian,
2000]. We assume every pixel is captured independently
from their neighbors and its value is drawn from a Normal distribution I(u, v, t) ∼ N (µ, σ 2 ) whose parameters
are estimated from experimental data before computing
the optic flow algorithm.

4

Spatio-Temporal Model Estimation

The objective of this stage is to compute model parameters of Equation (6) from a sequence of images
{I(u, v, k)} for a neighborhood Ωλ . The index λ is used
to identify the particular least squares problem that we
consider since we will need a set of several least squares
solutions to initialize the generalized total least squares
algorithm in section 5. We make the assumption that
the intensity model is constant within region Ωλ . Since
Equation (6) holds for all pixels (u, v, k) ∈ Ωλ , this
leads to a least squares inference problem for parameters {ax1 , ay1 , a0 , b}
The over determined system of equations can be written as:

u
 ..
.

..
.

v

1 k

for (u, v, k) ∈ Ωλ .

  x 

I(u, v, k)
a1
 ay  

..
  1 = 

.
 a0  

..
b
.

(7)
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For simplicity, we call A the left hand side matrix containing the values for the independent, noise free, variables {u, v, k}, Θλ the parameter vector and B the column vector with the intensity values from image data.
Since the noise processes for individual pixel values are
uncorrelated the weighting matrix for the least squares
problem, derived from the noise estimation in section 3,
is diagonal
!
σ2
Σ=
(8)
..
.
The system for the least squares minimization is:
A> Σ−1 AΘ̂λ = A> Σ−1 B

(9)

and its solution
Θ̂λ = (A> Σ−1 A)−1 A> Σ−1 B

(10)

will see that a diagonal covariance matrix leads to nice
properties of the total least squares problem and it is of
interest to determine what conditions of the domain Ωλ
lead to diagonally of the covariance matrix.
For Ωλ , let λ = (uλ , vλ , kλ ) be the central point
of the region. A spatial window of size N × N with
N = 2n + 1, N ≥ 3 centered at pixel (uλ , vλ ) makes
the off-diagonal terms of the correlation matrix depending on u and v to be zero. For the time domain, if
the time interval [Ki , Kf ] is symmetric around kλ = 0,
i.e., [Ki = −K, Kf = K] for some K ≥ 1 then, offdiagonal correlation terms depending on the time variable also cancel out. Note, however, that having a value
for Kf > 0 means that future information should be
available in order to compute the model estimation at
time k = 0. This can be achieved by delaying the output of the system by K periods of time. Given the assumption of high speed image data, a small delay in the
output of the algorithm should not affect significantly
the overall response of the system.
The covariance matrix for a symmetric domain Ωλ
around point λ = (uλ , vλ , kλ ) is given by
σa2x1
 0
Wλ = 
 0
0


0
σa2y
1
0
0

0
0
σa20
0


0
0

0
σb2

(11)

The solution to the LS minimization is repeated independently for every reference pixel λ = (uλ , vλ , kλ ). The
final result
grid with the estimators
n is a two-dimensional
o
y
c
x
b
c
Θ̂λ = a1 , a1 , ab0 , b and its corresponding covariance
matrix Wλ , figure (2).

5

Figure 1: Graphical representation of the least squares
stage. A sequence of images from k = Ki to k = Kf is
used to compute the parameters of the intensity model.
For each pixel, neighboring pixels within region Ωλ are
employed in minimization.
A second output from the LS solution is matrix Wλ =
(A> Σ−1 A)−1 accounting for correlation in model parameters. This correlation matrix will be used to condition
the data in the total least squares problem for computing
flow. As it will be shown later in section 5, the structure of the correlation matrix determines the choice of
method that can be used to solve the total least squares
problem. A diagonal correlation matrix is preferred. We

Total Least Squares Stage

Once the parameters of the intensity model have been
estimated for every reference pixel in the image sequence,
the next step towards the estimation of optic flow is to
decouple the inner product b = ax1 φx + ay1 φy in order to
get the two separate flow components {φx , φy }.
y
x ,a
[
c
Let Θ̂λi = (a[
1,λi
1,λi , bλi ) be the estimates of the
intensity model parameters for spatio-temporal pixel location λi = (uλi , vλi , kλi ) in a domain Λ. We assume
that the motion model is constant across all domains
Ωλi for λi ∈ Λ, however, we allow the image models Θλi
to vary. As a consequence we get the following relationship holding over all λi ∈ Λ:


!
 
y
x
[
bc
a[
a
λi
φ
1,λ
1,λ
x
i
i


=
(12)
..
..
φy
.
.
Although Equation (12) is in the form of an overdetermined linear system that is usually solved using least
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Figure 2: Two dimensional least squares grid used for
the total least squares calculation. Each pixel represents the estimates of the intensity model Θ̂λ =
y
x ,a
[
c
(a[
[
0,λi , bλi ).
1,λi
1,λi , a
squares, we note that both sides of the system suffer
of noise perturbation in their values, coming from the
stochastic model generated by the least squares process.
Let D be the left hand side matrix and ∆D its correction matrix, Φ the vector of parameters and R and ∆R
the right hand side vector and its correction vector respectively. The overdetermined equation system can be
rewritten as:
(D + ∆D)Φ = R + ∆R

(13)

This problem is an example of a Total Least Squares
minimization (TLS). “The TLS method is a natural generalization of the least squares approximation method
when the data in both sides of the equation system is
perturbed” [Markovsky and Van Huffel, 2007]. The minimization aims to find the minimum correction matrix
∆Dtls , ∆Rtls and parameter vector Φ̂ on data subject
to the system of equations holding solution. The total
least squares minimization problem is formally stated as
n
o
Φ̂, ∆Dtls , ∆Rtls := arg

min

Φ,∆D,∆R

k[∆D ∆R]kF

subject to (D + ∆D)Φ = R + ∆R, (14)
where k[∆D ∆R]kF is the Frobenius norm of the correction matrices.
In the simplest case, TLS has a closed form solution
by means of Singular Value Decomposition (SVD) of the
equation system [Van Huffel and Vandewalle, 1991]. For
this, it is assumed that the noise in data is drawn independently and identically from a normal distribution
with zero mean and variance σ 2 which yields to a covariance matrix W = σ 2 I.
These assumptions, however, do not hold in Equation
(13). First, since the generative noise model for image
data is a function of the intensity value, every data point

used in the system of equations has different parameters
for the noise estimates. Second, neighboring solutions
Θ̂λi , Θ̂λi for λi , λj ∈ Λ of the LS minimization have
correlation in their values due to overlapping of regions
Ωλi , Ωλj (figure 1). When the LS estimates in domain Λ
are put together to form the TLS system, the covariance
matrix W will have off-diagonal terms different to zero.
This pattern in the equation system is known as Fully
Weighted Total Least Squares. In the notes for the MATLAB weighted total least squares toolbox, Markovsky
states “This problem, does not allow for efficient computational methods and its solution is prohibitive already
for small sample size problems” [Markovsky, 2004].
The fully weighted total least squares problem is considered sufficiently ill conditioned that the MATLAB
toolbox does not even provide an algorithm for its solution. This fundamental ill conditioning of the computation is related to the underlying complexity of computing
optic flow. It is not surprising that given the computational complexity of this problem, there is a plethora
of suboptimal schemes developed in the literature. In
this paper we will persist with the total least squares
formulation because we believe that this is the correct
approach to the optic flow problem. However, we will be
forced to make a number of assumptions about the data
correlation in order to obtain a sub-optimal algorithm
with reasonable computational complexity.

5.1

Element-Wise Total Least Squares
Formulation

Given that parameter estimates Θ̂λi posses a covariance matrix Wλi obtained by independently and not
identically distributed noise function in the least-squares
stage, the minimization problem in Equation (14) should
be reformulated to consider different weights for every
data point Θ̂λi . In order that the full covariance matrix is diagonal we will neglect off-diagonal correlations
terms caused by overlapping of adjacent regions Ωλi , Ωλj
for λi , λj ∈ Λ (figure 1). By ignoring the cross correlation between adjacent least squares problems we can
decompose the weighted misfit function that measures
the error in the minimization problem into the form
Mewtls (D) =
v
u |Λ|
uX
t (Θ̂
min
ˆ ...Θ̂
ˆ
Θ̂
λ1
λm ∈B

λi

ˆ λi )> Wλi (Θ̂λi − Θ̂
ˆ λi )
− Θ̂

(15)

λi


ˆ λ1 . . . Θ̂
ˆ λm is a set of estimators for the
where B = Θ̂
true values of {Θλ1 . . . Θλm } , matrix Wλi is the weight
matrix for observation Θ̂λi and |Λ| denotes the cardinality of set Λ. The objective is then to find a model
Φ̂(Λ) = (φ̂x , φ̂y ) that best estimates B such that there
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exists Φ for which Equation (14) holds, so that the misfit
function is minimal.
The Element-Wise Total Least Squares (EW-TLS) approach assumes further that the weight matrix Wλi is
diagonal. As explained in section 4, diagonal weight
matrix can be obtained by symmetry in regions Ωλi in
both spatial and temporal dimensions. Markovsky et al
stated “The EW-TLS problem has no closed-form solution and its computation involves solving a non-convex
optimization problem” [Markovsky et al., 2006]. In practice, however, the non-convex nature of the minimization
problem does not allow for efficient computation of optic
flow and it is of interest to consider a further approximation of the TLS problem that leads to an analytic
solution and low complexity algorithms.
The output from the EW-TLS process are estimators
Φ̂(Λ) = (φ̂x , φ̂y ) of optic flow for every domain Λ in the
image sequence.

5.2

Generalized Total Least Squares
Formulation

It is possible to further simplify the optimization process
of the EW-TLS method to improve computational efficiency. We will assume that all the weight matrices Wλi
are equal within a small region Λ. This is, that neighboring estimates Θ̂λi posses the same estimates of noise
in data. This is a reasonable assumption for regions in
which there are not drastic changes in intensity and the
characteristics of neighboring least squares problems are
similar. That is Wλi ≈ Wλj for λi , λj ∈ Λ. . Under
this assumption, the optimization process is known as
Generalized Total Least Squares (GTLS).
Let W̄ ∈ R3×3 be the average weight matrix within
region Λ
|Λ|

W̄ =

1 X
Wλi
|Λ|

(16)

λi

Then, the misfit function is written as:
Mgtls (D) =
min

ˆ ...Θ̂
ˆ
Θ̂
λ1
λm ∈B

v
u |Λ|
uX
t (Θ̂ − Θ̂
ˆ λi )> W̄ (Θ̂λi − Θ̂
ˆ λi )
λi

(17)

λi

The GTLS problem can be solved using a SVD solution to a weighted data matrix D0 = DW −1/2 and
has e same complexity as the basic TLS problem. The
GTLS problem provides the ability to model the statistical properties of the data in a reasonable manner and
has acceptable computational complexity providing an
effective sub-optimal algorithm for computation of optical flow. The output from the GTLS process are estima-

tors Φ̂(Λ) = (φ̂x , φ̂y ) of optic flow for every domain Λ in
the image sequence.

6

Experimental Results

Implementation of the proposed algorithm was done
in MatLab using the WTLS toolbox from Markovsky
[Markovsky, 2004] to compute the solution for the GTLS
minimization. Real image sequences with not ground
truth optic flow were employed to observe the qualitative properties of our approach. These sequences were
taken on objects moving at very slow and constant speed
in one direction only.
Figure 3 shows the results for an image sequence of 5
frames for which optic flow was computed using a region
Ωλ a 3×3 window in space and [Ki , Kf ] = [−2, 2] in time.
Domain Λ a 5 × 5 pixels window centered at (uλ , vλ , 0)
for the GTLS stage. No smoothing of the images was
applied before computing the results.
In this sequence, there is a cluttered background and
a toy car in the foreground moving from left to right
at constant speed. The resulting optic flow estimations
clearly differentiates the moving object from the background in the X axis. In Y axis, the flow tends to be
zero in the region of the toy car, except around the wheel
which is rotating.
Also, a quantitative comparison of our approach was
performed against existing algorithms in the literature.
We selected the Lucas-Kanade algorithm [Lucas and
Kanade, 1981] due to the similarity in its approach and
Shimizu algorithm [Shimizu and Okutomi, 2005] because
it is a method specifically designed to handle sub-pixel
motion.
The experimental results are based on flow computed
from two images. The reference image used is one of
the MatLab test images available in any MatLab installation. A translated version of the image is generated
by applying the desired phase shift in the frequency domain to the Fast Fourier Transform (FFT) of the original
image and then applying the inverse FFT. We compute
histograms for flow components (φx , φy ) separately. For
fair comparison among the different algorithms, all three
methods use a 3 × 3 window to compute optic flow. Table 1 shows the statistics for the different algorithms and
figures 5, 6 and 7 show the computed histograms for the
GTLS, Lucas-Kanade and Shimizu algorithms respectively.

7

Discussion

From the development of the method and the results
presented in section 6, we can conclude that our method
for computing sub-pixel optic flow works as well as other
approaches in the literature.
One important remark about the optic flow problem
is the fact that it is a difficult problem to be solved
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Figure 3: Results of the proposed algorithm to compute optic flow. Top row: a sequence of 5 image frames with a
toy car moving from left to right at slow speed. Middle row: estimates Θ̂λ for the intensity model parameters for
each pixel. Bottom row: estimations of optic flow. Black regions in the estimation image means that the input data
for the GTLS process is ill-conditioned.

GTLS
LK
Shimizu

avg φ̄x
0.13049
0.11716
0.10693

σx2
0.96143
1.1954
2.9659

avg φ̄y
0.44055
0.40478
0.3266

σy2
1.3262
1.6378
1.5843

Table 1: Statistics for different optic flow algorithms
computed using two image frames with known constant
displacement (0.2, 0.6)

properly. Most of the classical differential approaches for
computing optic flow smooth the images and then precompute partial derivatives on the image sequence and
finally compute flow. The first stage of computing image derivatives is analogous with our least squares stage.
In the actual flow computation in classical algorithms
the image derivative estimates are used without reference to the fact that they themselves are noisy estimates
derived from the image data. A proper of consideration
on noise yields to more sophisticated statistical machinery that might not be suitable for real time applications,

Figure 4: Images with known displacement (0.2, 0.6)
equal for all pixels.

such as the case of the EW-TLS approach. Sub-optimal
solutions to the optic flow problem, such as the generalized total least squares can potentially be implemented
on custom hardware platforms using high speed image
sensors.
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8

Conclusions

An optic flow algorithm based on image intensity model
was presented. The algorithm works by fitting a spatiotemporal image model based on intensity, illumination
and motion model assumptions. Estimation of model
parameters is performed by means of least squares minimization. A second stage of the algorithm extracts optic
flow from image model by means of Generalized Total
Least Squares minimization. The GTLS method considers the noise in model parameters coming from the first
processing step. Experimental results on real and ground
truth artificial data validate our approach against differential methods to compute optic flow. Future research
will incorporate inertial measurements to the algorithm
so that robot ego-motion is directly compensated.
Figure 5: Results for the GTLS estimation.
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