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1 Introduction

This work presents a new class of statistical models that are well suited for several Robotics applications,
such as object recognition or computer vision. Our approach deals with bounded data: measurements that
are constrained to appear in a bounded region in the measurement space. The literature refers to the set
where the measurement can appear as the tolerance set for the measurement.

To date, few statistical models for bounded variables are used in Arti�cial Intelligence. The most common
model is the uniform distribution, but this approach has several drawbacks: summation of uniform variables
does not yield a uniform variable and application of Bayes rule is computationally intensive [9]. Another
approach is to use the Gaussian distribution and model bounds through an ad hoc selection mechanism [1, 2].
In short, even though bounds contain signi�cant information, they have not yet received proper attention.

Our work uses a class of distributions in the truncated Gaussian family to model bounded data. Such
models have been used in Statistics in order to implement selection mechanisms [7]. Instead, we propose
truncated models not only as models of selected data but also as models for bounded noise, e.g., disturbances
that appear in object recognition and computer vision [6]. We derive a complete set of novel algorithms
for these models: calculation of moments, approximation methods for Bayes rule and summation and noise
�ltering. Overall, our results make the truncated Gaussian family an operational tool, more powerful than
the uniform or the Gaussian distributions. Our analysis complements results scattered in the literature of
Statistics, Information Theory and Control Theory. We contribute to Arti�cial Intelligence by indicating a
proper model of bounded measurements and by deriving tractable algorithms to handle them.

2 The Truncated Gaussian Family

Our basic model is the elliptically truncated Gaussian family. A distribution in this family is proportional
to a Gaussian inside an ellipsoid and is zero outside the ellipsoid. The truncated Gaussian model has been
proposed in a variety of contexts in Statistics [7] as models of selection mechanisms. In this work we focus on
the truncated Gaussian as a model for measurement noise, not so much as a model for selected measurements.
The �rst explicit mention of this possibility in Robotics appears to be by Erdmann [4].
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Figure 1: Distributions in the truncated Gaussian family: N0;1;0:01(0; 1) (left) and N1:5;1;1(0; 1) (right).

A truncated Gaussian distribution for an n-dimensional random vector x is referred to as N�;M;k(�; P );
its mathematical expression is:

N�;M;k(�; P ) =
(q(�; P; �;M; k))�1

j(2�)ndet(P )j 12 exp

�
�1

2
(x � �)TP�1(x� �)

�
Ifx:(x��)TM�1(x��)�kg(x); (1)

where I(�) is the indicator function and q(�; P; �;M; k) is a normalizing constant. The set fx : (x �
�)TM�1(x� �) � kg de�nes an ellipsoid in n-dimensional space. Call k the radius of the distribution.

As a special case, note that if � = � and M = P , then the normalizing constant depends only on k. In
this case, q(�; P; �; P; k) = Pr(�2n � k) (chi-square distribution). Due to the importance of this sub-family,
we call it the radially truncated Gaussian family.

The truncated Gaussian is a suitable model for bounded data, even more powerful than the usual Gaussian
since it can represent nearly at and highly skewed distributions. Figure 1 illustrates this claim.

Suppose we know a random vector x has mean �, covariance matrix Q, and Pr(x) = 0 for all x outside
fx : (x � �)TQ�1(x � �) � kg. In other words, possible values of x concentrate around the mean in a
symmetric fashion, up to the distance k in the metric induced by Q. We can strengthen the parallel between
truncated and unbounded Gaussians by proving that (all proofs can be found in [3]):

Theorem 1 A maximum entropy distribution, when the expected value is �, the covariance matrix is Q and
the distribution is zero outside fx : (x��)TQ�1(x��) � kg, is a truncated Gaussian N�;cQ;k0(�; cQ), where
c = Pr(�2n � k)(Pr(�2n+2 � k))�1 and k0 = kPr(�2n+2 � k)(Pr(�2n � k))�1.

2.1 Moment Generating Function, Mean and Variance of a Truncated Gaussian

The central problem in the characterization of a truncated Gaussian is the determination of q(�; P; �;M; k).
In this section, we consider a linear transformation on the initial random variable such that:

N!;D;k(0; I) =
(q(!;D; k))�1

(2�)
1

2

exp

�
�1

2
zT z

�
Ifz:(z�!)TD�1(z�!)�kg(z);

where D is a diagonal matrix, using a linear transformation: z = �T
p
�
�1
V T (x � �), where: � is the

eigenvalue matrix of P , V is the corresponding eigenvector matrix of P and � is the eigenvector matrix of

(
p
�
�1
V T )M (V

p
�
�1
). Details can be found in [7] or [3].

We work with the transformed variable z, since q(!;D; k) = q(�; P; �;M; k). Then (di the inverse of the
ith element in the diagonal of D): q(!;D; k) = Pr

�Pn
i=1 di(zi � !i)2 � k

�
. Kotz, Johnson and Boyd [7]

give a numerical method for the evaluation of this integral based on its Laguerre expansion. We have:

q(!;D; k) = Pr(�2n � k=�) +

�
k

2�

�n=2
e�

k
2�

1X
j=1

cjLj�1(k=(2�))
(j � 1)!

�(n=2 + j)
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where Lr(y) =
Pr

i=0
(�y)i

i!(r�i)!
�(r+n=2+1)
�(i+n=2+1) , cr = (2r)�1

Pr�1
j=0 sr�jcj ; co = 1 and sr = (�r=�)Pn

j=1 !
2
i di(1 �

di=�)
r�1 +

Pn
j=1(1� dj=�)

r .

Convergence is uniform for � >
maxj(dj )

2 . In general, large values of � yield slow convergence. If we
truncate the evaluation of the series at j = N , the truncation error is always smaller than
2�N exp

�
k=(2�) + (n� 1) log 2 + 4!T!

�
.

The moment generating function of a truncated Gaussian N!;D;k(0; I) is �(t) =
q(!�t;D;k)
q(!;D;k) exp

�
tT t
2

�
.

For a proof, refer to [3].

The mean and covariance can be obtained by successive di�erentiations of �(t) [8]. Since Kotz, Johnson
and Boyd recursions for �(t) are uniformly convergent we can di�erentiate these expressions term by term.
We use � for the mean and P for the covariance of a truncated Gaussian. Direct di�erentiation of the
moment generating function yields:

Theorem 2 We have: � = ko
P1

j=1 kjgj and P = I � ��T + ko
P1

j=1 kjGj, where (kr are scalars, gr and
hr are vectors, Gr and Hr are matrices and I is an identity matrix):

kj =
(j � 1)!Lj�1(k=(2�))

�(n=2 + j)
; ko =

�
k

2�

�n=2
e�

k
2�

q(!;D; k)

gr = (2r)�1
r�1X
j=0

(hr�jcj + sr�jgj) ; g0 = 0

hr =
2r

�
diag [d1(1� d1=�)

r�1; : : : ; dn(1� dn=�)
r�1]!

Gr = (2r)�1
r�1X
j=0

�
cjHr�j + gjh

T
r�j + hr�jg

T
j + sr�jGj

�
; G0 = 0

Hr = �2r

�
diag [d1(1� d1=�)

r�1; : : : ; dn(1� dn=�)
r�1]

For a distribution N�;P;k(�; P ) in the radially truncated Gaussian family, the mean is � and the covariance
matrix is

�
Pr(�2n+2 � k)(Pr(�2n � k))�1P

�
[7].

2.2 Linear Transformation and Summation of Truncated Gaussians

A non-singular linear transformation applied to a random vector with truncated Gaussian distribution pro-
duces another truncated Gaussian random vector, so if x � N�;M;k(�; P ) and y = Ax (where A is any
non-singular square matrix) then y � NA�;AMAT ;k(A�;APA

T ).

On the other hand, the sum of truncated Gaussian random variables is not a truncated Gaussian. We
can derive some results for particular cases. Suppose z = x + y where x � N�x;Mx;kx(�x; Px) and y �
N�y;My;ky (�y; Py), x and y independent. Under these conditions:

Theorem 3 The distribution of z has expected value �z = �x + �y and covariance P z = Px + Py; the

distribution of z is positive only inside the ellipsoid de�ned by fz : (z � �z)TM�1
z (z � �z) � 1g where

�z = �x + �y Mz = kxMx + kyMy

3



Therefore, a reasonable approximation to the distribution of z is N�z;Mz;1(�z ; Pz).

A special but important case is represented by �x = �x, Mx = Px, �y = �y, My = Py, kx = ky. In
this special case we can make statements about the distance between the approximation and the correct
distribution. Call Gz the correct distribution for z; then:

Theorem 4 For �z = �x + �y, Mz = Mx + My , kz = kx = ky, supz jGz � N�z ;Mz;kz (�z;Mz)j is
O(exp(�k=2)):

In this case, the indicated approximation is fairly good.

In the most general case, we can expect that the summation of truncated Gaussian can be well approxi-
mated by a Gaussian, by invoking the Central Limit Theorem. So we can expect a good approximation in
terms of truncated Gaussians. This problem is discussed in [3], but no provably good approximation for all
cases was found yet.

3 Inferences with the Truncated Gaussian

Inferences about a random variable are obtained by application of Bayes rule associated with a decision
rule. Since the truncated Gaussian is not closed under multiplication, we should not expect to apply Bayes
rule and obtain a truncated Gaussian distribution. Fortunately, we can �nd a good approximation for a
situation relevant to practical applications. We consider a linear set-up, given by z = Hx+!z, where x and
z are vectors, A and H are matrices of appropriate dimensions, x is distributed as a truncated Gaussian
N�x ;Mx;kx(�x; Px); !z is distributed as a radially truncated Gaussian with zero mean N0;Pz;kz (0; Pz). As a
result, z � NHx;Pz;kz (Hx;Pz).

The central question is: given that we observe the value of z, what can we say about x?

there are two issues in �nding the posterior distribution: obtaining the analytic expression for the density
and obtaining the region of intersection between the positive regions of the prior and the likelihood. We
solve these problems in turn.

3.1 Expression of the Posterior

The posterior distribution is proportional to: exp
��1

2 (x� �x)TP�1
x (x� �x) + (z �Hx)TP�1

z (z �Hx)
�
:

Some manipulations reduce it to:

c

j2�det(Q)jn=2 exp
�
�1

2
(x� �0)TQ�1(x� �0)

�
IA\B(x); (2)

where Q = Px� PxH
T (HPxH

T +Pz)�1HPx and �0 = Q(P�1
x �x +P�1

z HT z), and A and B are the regions
where the prior and the likelihood are positive respectively (c is a normalizing constant).

3.2 Intersecting Ellipsoids: Fogel-Huang Algorithm

In order to approximate the posterior, an ellipsoidal approximation can be built so that the approximate
posterior is always a truncated Gaussian. We indicate truncated ellipsoids by N(�;M;k) in this section.

We make some preliminary approximations:
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� Suppose !z � N(0;W;1=a) and x � N(�;P;b).

� Now take a linear transformation A such that AWAT = I (always possible since W must be positive
de�nite). So we have Az = AHx + A!z. Now consider B = AH, y = Az and !y = A!y; we have
y = Bx+ !y. and !y � N(0;I;1=a).

� We know that a!Ty !y � 1; instead of trying to satisfy this inequality, we will satisfy a set of inequalities
of the form: a!2yi � 1 for i = 1; : : : ;m. By rearranging terms we have:

a(yi � Bix)
2 � 1 for i = 1; : : : ;m: (3)

where yi is the ith element of y and Bi is the ith row of B.

Now the problem is how to approximate the following set:

�m =
�
x :

�
(x� �)TP�1(x� �) � b

� \ �\m1 a(yi �Bix)
2 � 1

�	
:

An approximation method was originally proposed by Fogel and Huang in the context of tolerance sets for
ARMA processes. The algorithm �nds the minimal enclosing ellipsoid to the intersection. Details can be
found in [5] or [3].

The posterior distribution is a combined result of expression (2) and Fogel/Huang algorithm; we use
N�m;Pm;bm(�

0; Q) as the posterior.

Example 1 Consider the situation (where x is unknown):

z =

�
4 1
2 3

�
x+ ! ! � N0;I;1(0; I) x � Na;B;1=4(a;B) a =

�
1
1

�
B =

�
2 0
0 2

�
z =

�
2
3

�
:

Figure 2.a shows the initial ellipsoids of the problem. The region of possible values of x is the intersection
of ellipsoids. Figure 2.b shows the strips generated at expression (3). The algorithm is applied and results
are shown in �gure 2.c. The largest hatched ellipse is the result of incorporating z1 = 2; the smallest hatched
ellipse is the �nal result after incorporation of z2 = 3. The approximate posterior is Nc;D;e(f;G) where
e = 0:257 and:

c =

�
0:363
0:547

�
D =

�
0:4488 �0:3272
�0:3272 0:7555

�
f =

�
0:321
0:7418

�
G =

�
0:091 �0:0867
�0:0867 1:8857

�
:2

The approximations found by the algorithm are correct in that the intersections are always interior to
the successive approximations. Consider a di�erent approximation strategy in the spirit of [1] or [2]. We
would pretend x and ! to be distributed as unbounded Gaussians (with same mean and variance). Now
we �nd a crucial problem: how to combine the fact that x has an elliptic region with radius 1/4 and ! has
an elliptic region with radius 1? By using Bayes rule in the unbounded Gaussians N (0; I) and N (a;B), we
obtain an unbounded Gaussian N (f;G). The hatched ellipses in �gure 2.d shows the results of using these
values of mean and variance with radius 1/4, 5/8 and 1. All ellipses fail to cover the region where x is known
to lie. The case when the radius is 1/4 is extreme: almost all values of x inferred from this posterior are
inconsistent with prior expectations! Our methods have the advantage that, although approximate, they
never assign probability zero to a possible value of the underlying unknowns.

3.3 Decision Rules

Two common estimates can be obtained from the posterior: the posterior mean and the maximum a poste-
riori. The posterior mean can be approximated from the results of last section. We discuss the maximum a
posteriori here.
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Figure 2: Example of Inference Algorithm for Bounded Distributions

Consider x � N�;M;k(�; P ). We take the estimate x̂ = arg maxxN�;M;k(�; P ). The optimization problem
is simpli�ed if we perform a double diagonalization. Consequently, we look for ŵ = arg maxwN�;D;k(0; I).
There are two possible cases:

� If �TD�1� � k then 0 is inside the de�ning ellipsoid. Since the Gaussian is unimodal, the maximum a
posteriori is ŵ = 0 (it must be transformed back to x).

� Otherwise, the maximum occurs on the boundary of the de�ning ellipsoid. So we obtain a standard
optimization problem: �nd the minimum of a quadratic function subject to a quadratic constraint.
Solution by Lagrange multipliers is straightforward; details can be found in [3].

4 Filtering with the Truncated Gaussian

Consider �rst the simple linear system: xi+1 = Axi, zi+1 = Bxi+1 + !i. We assume xo distributed as a
truncated Gaussian and ! distributed as zero mean radially truncated Gaussian. A and B are matrices of
appropriate dimensions.

Given this set-up, we are interested in obtaining p(xi+1jz1; : : : ; zi+1). Since p(xi+1jz1; : : : ; zi+1) /
p(zi+1jxi+1)�p(xi+1jz1; : : : ; zi), the �ltering scheme has the following structure: �rst, propagate forward the
uncertainty in xi; then use the system model and the Fogel/Huang algorithm in order to fuse the incoming
information zi+1 with xi. If necessary, the best estimate of x can be obtained at any time.

Extension of the �lter above to a noisy state problem is straightforward, the result being very similar to
Kalman �ltering. Consider the system model: xi+1 = Axi + !xi , zi+1 = xi+1 + !zi . In this case we must
obtain p(xi+1jz1; : : : ; zi) by calculating p(Axijz1; : : : ; zi) and combining it with p(!zi). Having done this,
we can propagate forward the uncertainty in xi (by properly approximating the summation of Axi and !zi)
and fuse it with the incoming information (through the Fogel/Huang algorithm).

5 Using the Truncated Gaussian: Disparity Constraint

In this section we briey analyze a practical problem in Computer Vision using truncated Gaussians. The
example will illustrate the power of the method.

Consider two cameras perfectly aligned so that all epipolar lines are parallel. Suppose a feature is detected
in one camera at pixel x2. The correspondence to the feature must lie in the epipolar line in the other camera
in some pixel x1. How much of the epipolar line should we explore in order to �nd the correspondence x1?
A powerful constraint that can be used is the fact that the point x1 cannot be arbitrarily far from the given
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value of x2. This constraint has not been justi�ed or analyzed with the help of a statistical model. The
validity of the constraint has been justi�ed with biological analogies. But if we exploit the fact that the
depth of �eld of any lens constrains depth, we can easily derive a statistical distribution for the disparity. In
[3], we derive a truncated Gaussian distribution for the disparity, based on a truncated Gaussian distribution
on the depth. The analysis incorporates the known facts of the problem without any analogies to biology.

6 Conclusion

The central idea of this research is: measurements that are bounded must be properly modeled in order to
be consistently used. Our proposal is to use a family of statistical models (the truncated Gaussian family)
that captures measurement boundedness. We o�ered a comprehensive analysis of estimation aspects for the
truncated Gaussian: algorithms for information handling, updating and �ltering. An open problem is to
�nd good approximations for summations of truncated Gaussians.

Algorithms here developed complement existing work in Statistics in the area of selection mechanisms for
data [7]. But our proposal goes beyond that, since we emphasize that many disturbances are, fundamentally,
bounded. We propose truncated Gaussians as a replacement to several concepts generally used to deal with
bounded data: the concept of tolerance sets (where the only source of information is the set of possible
measurements) and the concept of validation gates (where ad hoc tests are used to simulated bounded
distributions [1]). This work presents all the necessary tools to make the truncated Gaussian approach
tractable and superior to these other approaches.
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