
EMPIRICAL INVESTIGATIONS
INTO THE STATISTICS OF

CLUTTER AND THE
MATHEMATICAL MODELS IT

LEADS TO.

What is clutter?

1. In white noise, there are no objects
2. Objects are regions, possibly
disconnected, showing B/W or textural
correlation
3. Scale invariance implies Objects
occur at all sizes
4. Clutter = Superposition of such
correlated regions, at all sizes

Clutter produces many more illusory objects/patterns
than noise, thus decreasing the power of ATR: but by

how much?



A MATHEMATICAL THEOREM THAT SAYS
CLUTTER IS COMPLICATED

An image = the thing which can be measured by
sensors: <I,φ>

= (mathematically) a distribution  I ∈  D′(R2).

A theory of images  =  a probability distribution dµ on
D′(R2), invariant by translations.

Theorem: No probability distribution dµ on D′(R2) (or
on D′(R2) mod constants), which is
translation and scale-invariant, is supported
on the subspace of measurable functions.

Proof: Assume almost all I are measurable. Define:
ga,r(I,x) = | {y∈  Br(x) | |I(x)-I(y)| > a} | /  | Br(x) |

Then:
a) ExpI [ga,r(I,x)] is independent of x,r : call it pa.
b) By Lusin’s theorem, for almost all (I,x), ga,r(I,x)→ 0

as r →  0,
c) By Lebesgue’s bounded convergence theorem,

ExpI [ga,r] →  0 as r →  0, hence pa = 0 for all a,
hence I ≡ cnst.



QUESTIONS

How can we describe the statistics of
clutter?

Are these statistics identical across
different types of scenes?

Can we model these statistics and
synthesize random cluttered scenes?

DATABASES

1. J.H.van Hateren: 4000 1024 by 1536 calibrated
B/W images of Holland, mixed urban/rural scenes,

2. A.Wright (British Aerospace): 214 512 by 768
calibrated and segmented RGB images of UK,
mixed urban/rural.

A database of high resolution, calibrated images of
actual scenes typical of environments in which the US
Army may operate would be highly desirable.

A hint of universality:
The basic statistic x = log(I(x1)/I(x2)) has nearly
identical distributions in databases 1 and 2.
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THREE DIMENSIONS OF
VARIABILITY OF IMAGES

Clutter parameter:
Ranges from isolated objects, sparse
scenes to chaotic scenes, gaussian noise.
Infinitely divisible family.

pc1+c2 = pc1 * pc2

Contrast parameter:
Variance of nearest neighbor intensity
difference.

σ2(log(I(x1)/I(x2)))

Size skewness parameter:
Bias to large objects, low frequencies,
long correlations (λ > 2) vs. bias to small
objects, high frequencies, short
correlations (λ < 2).

Spat. Freq. Power ~ 1/(freq)λ
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Figure 1: ln(Histogram) of the derivative statistic at di�erent scales k (red = scale 1, green = scale 2, blue =
scale 4, yellow = scale 8). Top left: sky, �k = 0:07=k(:5), top right, vegetation, �k = 0:35=k(:1), bottom left: road
surface, �k = 0:14=k(:3), bottom right: man-made objects, �k = 0:3k(:15).



LOCAL IMAGE STRUCTURE:
JOINT HISTOGRAMS OF HAAR WAVELET

COEFFICIENTS (J.HUANG)

Notation:
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Level contours of probability density resemble
polyhedra with corners/edges sometimes cuspidal,
sometimes rounded, corresponding to imagelets with
simple geometry, high contrast.

Possible model (S-C Zhu et al):
– log(Prob I,P((F1*I)(P) = x1, … ) = Σα ψ α(<x,Lα>)





THEORETICAL ANALYSIS OF CLUTTER BY
SYNTHETIC MODELS

a) Random wavelet expansions
(Chi, DM et al)

I(x,y)  = Σ(x(α),y(α),z(α)) ψ α(e-z(α) x – x(α),e-z(α) y – y(α))
(x(α),y(α),z(α)) Poisson process

  additive model: no occlusion
  scale-invariant with clutter parameter

b) Random collage models
(Ruderman, A.Lee)

Limit of Markov chain:

ψ α(e–z(α) x – x(α),e–z(α) y – y(α)), on Dα

I(x,y)  → 
I(x,y), elsewhere
with Rmin ≤ ez(α) ≤ Rmax

  approx. scale-invariant w.r.t. median filtering
  white noise as Rmin →  0; ‘blue sky’ as Rmax →  ∞




