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Abstract—We compare the objective functions used by GR?T
[1] and the L:E estimator [2] that have both been proposed
for robust parameter estimation. We show their similarity when
estimating location parameters. Of particular interest is their
ability for dealing with the scale parameter that is often unknown
and acts as a nuisance parameter. Both techniques are tested
experimentally for regression (e.g. to find patterns such as line
and circle in noisy datasets) and for registration between datasets.

I. INTRODUCTION

One major difficulty in robust inference is to deal with the
unknown standard deviation of the inliers also known as the
scale. Assuming that the correct parameter of interest (location
parameter) has been recovered, a robust estimate of the scale
can be found based on the distribution of the residuals [3].
However, a poor estimate of the location parameter leads to a
poor scale parameter estimate and vice versa. Two frameworks,
GR2T [1] and L,E [2], have recently been introduced for
dealing jointly with both scale and location parameters. We
first point out their similarities and differences in section II.
We extend GR2T formulation to the problem of registration
(paragraph III) and we propose to take advantage of the
Bayesian nature of GRT to add a prior distribution for the
scale (section IV). Section V compares experimentally both
GR?T and LE for both regression and registration. Section
VI concludes with potential improvements on the modelling
the scale prior.

II. LsE AND GR?T
A. Euclidian distance Lo/LoE between pdfs

1)Ly for Registration: Considering two datasets
{x“)}i:l,...,Nz and {y(j)}jzl,...7Ny, Jian et al. [4] proposes
to find the transformation ¢ that registers the first dataset
onto the second, such that the Euclidian distance between
the kernel density estimate noted py,) computed using
{t(x)};=1,.. n, and a kernel density estimate noted p,
computed using observations {y()};_; ... y, is minimised.
This Euclidian distance corresponds to: '

La(t) = Ipy = Dea)I” = [Py (y) = Peay(v))* dy

ey
= 1Byl1* + Do) I” — 2 (Bylbr(a))
and the transformation ¢ is estimated with:
t = argmin; Lo(t)
®)

= argming { L2 E(t) = [Py |* — 2 (BylPea)) }

since the term ||, | does not depend on ¢. When the trans-
formation ¢ to estimate is a rigid transformation then the term
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[[P¢(z) also does not depend on t [4], in which case it is
equivalently found by maximising the kernel correlation [5]:

3

Note that when using Gaussian Kernel density estimates for p,,
and Py (), integrals in eq. (1) or (3) are solved explicitly [4].
While LyE or kernel correlation are not objective functions
originally able to include prior information about ¢, several re-
cent works have proposed to include an additive regularisation
term to Lo/LoE to constraint its estimation [6], [7].

t = argmax(py |pi(x))

2) LoE objective function for Regression: Consider the
following equation:

F(x,0) = €~ pejy(€) )

where 6 is the latent random variable of interest that we wish to
infer, F' is a link function (linear or not) relating the observed
variable z with 6, and the noise ¢ has a chosen distribution
De|v that is centered on zero and depends on a (scale) nuisance
parameter v. Scott [2] proposed to estimate 6 and the scale v
by minimising LoE between the chosen model for the errors
De| and the empirical pdf p. defined as:

N
1 )

5 - = _ @
Pel(e) = NZ;(S(E e’ 5)
where 4(-) is the Dirac kernel, and ) = F(z(),0) is the
residual computed at @ using the observations {z()},—; .. y
collected for the variable x. The location 6 and scale v are
then estimated as follow:

(év 19) = argngligl {LQE(ev V) = ||pe\1/||2 -2 <pe|u|ﬁe>} (6)

The dependence over ¢ only appears thanks to the empirical
density p. (through the residuals), hence when v is fixed, 6 is
estimated by:

0 =argming LoE(0,v)
= argmaxg { (pe|y |Pe) }

N i
= arginaxy % Zi:l p5|u(6( ))

)

The estimation for both # and v with LyE can be rewritten:

- 1
0.0) =g { ki) — 5loa P} ®)
The term £ ||pe|, [|? can be thought as a barrier function [8] to
prevent the scale estimate © to be zero. Moreover the estimate
U is exactly the true parameter v when the empirical estimate
Pe (eq. 5) converges exactly towards the model p,,.. Note
that when outliers occur, p. will not converge towards a good
model from the model family p,|,. LoE robustness in finding
0 is then observed for a well chosen fixed scale [2].

1051-4651/14 $31.00 © 2014 IEEE

|IEEE
@) computer
DOI 10.1109/ICPR.2014.662 Soclef

ty

Authorized licensed use limited to: Maynooth University Library. Downloaded on January 18,2022 at 15:56:44 UTC from IEEE Xplore. Restrictions apply.



B. Generalised Relaxed Radon Transform (GR?T)

The Generalised Relaxed Radon Transform (GR?T) has
recently been proposed for robust regression [1] and it is
augmenting the original problem (4) by adding an auxiliary
variable A as follow:

{ A+ F(z,0) = €~ pe(e)

A=0
The problem stated in equation (9) is equivalent to the original
equation (4) : GR2T proposes to use the first equation in (9) to
compute estimates of the pdfs pyjg and pyg while the second
equation is used for narrowing down the search in the latent
space to the special case of interest when A = 0 [1]. The joint
density function pyg corresponds to:

p(»\(@»)\) = fp/\G\m()‘vmx) pz(z) dx

®

= (Proje| Pz) (10

= (P20 Poja| Pz)

Given equation (9), the conditional py|;¢ is defined with the
noise model p, |, as follow:

p)\|x9()‘|m76) :pe|1/(/\+F(1‘79)) an

Note that when the error distribution pe,, is the Dirac density

function é(e) (with v = 0), the probability density function

pex corresponds to the Generalised Radon Transform [9]. If

no prior is available to model the conditional pg|,, one can

assume independence pyg|, = py leading to:
Pao(N, 0) = pe(0) (Pajeol D) (12)

———
Pajo(A6)

Using the observations {:c(i)}izl,... N, the empirical probabil-
ity density function of x can be computed:

| X
o= L3 (e — a9
Da Ni:15(a“ ")

and the conditional py|¢ can then be estimated by the empirical
average [1], [10]:

Dajo(A|0) =

Zpe\l/ (2))

Inference about 6 in the case of interest A = 0 can then be
done using the estimated posterior:

0) = Pe(e) ﬁA|0 =00)
S po(0) prjo(A =0[6) db

A maximum a posteriori estimate of the location parameter
can be computed as:

0 = argmax{pg (011 = 0) o< ps(60) Prjg(A = 0/0)}  (15)

or simply using the estimated conditional py¢ when no prior
pp is available e.g.:

<p)\\6x‘ px = (13)

Do (0| = (14)

0 = argmax{pajp(A = 0/0)} (16)

Augmenting equation (9) with an additive auxiliary variable
A allows to not care about the potentially complex nature of
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the function F' (e.g. linear or non linear) in the modelling and
also allow the usage of a prior on the parameter of interest
6. Note how the estimate of the conditional pyj¢ in equation
(13) is identical to LoE in equation (7) when the scale is fixed.
Note also that GR?T is a Bayesian modelling that allows the
inclusion of prior distribution about the latent variable 6 and
contrary to recent works adding regularisation terms to Lo [6],
[71, the prior in GR?T is instead multiplied to p Alo- Reference
[1] explains how GR?T encapsulates the following robust
frameworks: the Hough transform [11]-[14], M-estimators
[15] and Generalized Projection Based M-Estimators [16],
[17].

ITII. GR?T FOR REGISTRATION
In this section, we reformulate brieﬂy GR2T for
registration. Consider two datasets {z(V};_; .. n, and
{ym}jzlv.r. N, observations for the two random variables x

and y respectively. Assume the following relationship beween
x and y parameterised by a latent variable 6:

A+ F(x,y,0) =€ ~ pc(e) 17)

where A is an auxiliary variable and the case of interest is
when A = 0. A standard model for registration is to express
the transformation ¢ for mapping x onto y in parametric form:

F(I,yﬁ) :y—t(l‘,e) (18)
For instance, we will consider a translation in the experiment
in section V-B):
F(z,y,0)=y— (z+0) (19)
Using the same formulation for GR?T as presented in section
II-B, the conditional pyjg corresponds to:
p/\\H(MG) = <p>\\9wy| pzy)

The question is how to compute an empirical estimate pg,,. If
the observations {z()},_ 1,...n, and {y J)}] 1,--,N, can be

grouped into a set of correspondences {(z®), y<k>)}k 1.
then the following estimate can be used.

26 m—x(k)

However, when no correspondences are available, one can
assume independence between x and y and use the following
empirical pdf:

ﬁxy (.:If k) y)

= (¥ o —29)) (

K

5y —y™)

pCLJx y)

1
Ny

Z;'\;yr (y

_ yo')))

i i g (e — ) d(y — y @)

leading to

(20)

Dajp(A0) = (21)

NN

Y i=

Ny
§ pe|l/ 73)
15=1

with the residuals €(/) = X\ 4+ F(2®, yU) 0), Vi, j. Exper-
imental results shown in V-B have been computed without
correspondence between the observations using the expression
(21) augmented with a prior distribution about the scale v
explained next.
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IV. GR2T WITH SCALE PRIOR

When considering v as a random variable equation (11) is
more accurately rewritten:

p/\\ﬁmu()‘w’IaV) :pe\u(dy) (22)

Assuming the scale v independent of # and z, the location and
scale can be estimated by:

(0,0) = arg max {Prujp(\,v|0) = pu(v) Papo(Alr,6)}
' (23)
The log-normal distribution with zero mean is chosen as the
prior distribution for the scale v:

(logv)?
22

1
(V) V\/ﬂﬂyexp( >, v>0,7v>0 (24
« is an hyperparameter controling the shape of the prior: large
v (e.g. 4 is used in all experiments) favorises small
scales v (more suitable for inliers) yet preventing v to be zero.
Optimisation is performed by augmenting y progressively to
4 to avoid local solutions.

Note that when the scale v is very large (v — co) then the
pdf of the error can be approximated using Taylor expansion
(with £ near zero) as follow:

)=k (-5

exp <

Hence estimating ¢ by maximising pys, when v — oo is the
same as minimising the sum of square errors and therefore
leads to the standard maximum likelihood (ML) solution.
Estimation using GRT and LoE (eq. 8) are performed using a
gradient ascent algorithm using ML estimate (6asr,7nrr) as
the initial guess.

62

S22

62

S w2

1

2my

el (€lv) =
p|1/(|) S

V. EXPERIMENTAL RESULTS

We compare experimentally three approaches to estimate
the parameter 6 of interest. The first is the standard Maximum
Likelihood (ML) approach that is known to not be robust to
outliers. This solution serves as an initial guess for both Lo F
and GR2T. The second is £, F that is known to be more robust
to outliers in particular when the scale is well set: in this
paper the scale is also estimated by minimising the £oF cost
function. The last method corresponds to GR?T with a scale
prior.

A. Regression

To assess our algorithm we used several datasets published
by Toldo et al. [18] that include many outliers and pseudo-

outliers. The equations used to find the main pattern are:
A+ (.7}1 - (91 + 92 1’2)) =€ (llne)

and

A+ \/(xl —01)24+ (x2—03).2 — 03 =€ (circle)

Figure 1 shows several results: while LoE and ML systemati-
cally fail, GR?T manages to lock on a line in (b) and (c) but is
getting trapped in a solution with a higher scale in the dataset
(d). GR2T also manages to find a circle in (a) while ML and
L2E fails.
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B. Registration

We compare the three estimation techniques to recover
the translation parameters to register two point sets. The first
point cloud {z(¥};—; ... n, corresponds to the 2D fish data
(composed of N, = 98 2D points) [4]. The second dataset
{y(j)}jzl,...7 N, is a translated version of the first point set
(ground truth translation parameters equal to (—1,—1)) with
some noise. The equation used for registration here is:

Atlly—(z+0)=e (25)

with y € R2, x € R?, the translation parameter 0 € R? to
estimate, and the noise ¢ € R follows a Normal distribution
with mean zero and variance v ( the prior for v is again the
log-normal distribution). Figure 2 compares the methods LoE
and GR2T for aligning these two point sets for various levels
of contamination (outliers), noise on the inliers, and missing
data. The results obtained by ML is not shown at it fails
systematically when outliers occur. Adding the prior for the
scale in GR?T allows to control that v is not over-estimated
as this would lead to a bad estimate for 6. As a consequence
GR2T performs better than LyE.

VI. DISCUSSION AND FUTURE WORK

This paper has presented how GR?T can be efficiently
used to register datasets. Secondly prior information about
the scale can also be added in this Bayesian framework to
help the robust estimation of the location parameter. While
the rigid transformation for registration of 2D point sets has
been modelled using equation (25) in this paper, the following
alternative system of equations would have also been suitable:

( )

with notations y = (y1, y2) and x = (z1, z2), 8 = (61,62) and
in this case ¢ = (€1, €2) is a random vector in R?. p,,, can then
be modelled with a bivariate Normal distribution controlled by
a covariance matrix v. Future work will look at choosing more
suitable prior distributions for these nuisance parameters v, and
also to model for instance heteroscedastic noise [19].

M Ay —2x1— 0
Ao +y2 — a0 — 02

€1
€2

A+ F(z,y,0) = €)
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Fig. 2. Rigid Registration (translation) of 2D point clouds. Model point cloud (blue), target point cloud (pink) with outliers highlighted by cross markers.
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