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Remarkable results have been obtained using image models based on im-
age patches, for example sparse generative models for image inpainting,
noise reduction and super-resolution, sparse texture segmentation or tex-
ton models. In this paper we propose a powerful and yet simple approach
for segmentation using dictionaries of image patches with associated la-
bel data. The approach is based on ideas from sparse generative image
models and texton based texture modeling.

The proposed method is based on modeling an image using small
image patches, which has similarities to sparse image coding [2, 6] and
textons [3, 4, 7]. Sparse methods are generative and model an image by
linearly combining a set of dictionary atoms. Some of the attractive prop-
erties of the sparse methods are their robustness to noise, closeness to
data and simplicity in both implementation and interpretation. We aim at
adopting these properties in our method, which generally target discrimi-
native problems.

Our method is based on a dictionary of image patches denoted dictio-
nary atoms. To each atom we associate a label atom that we use for build-
ing the segmentation image. Basically the segmentation is performed by
finding the nearest dictionary atom to an image patch. The associated la-
bel atom is used for inferring the label probability to the image region cov-
ered by the image patch. Patches are overlapping so several label atoms
are added to the same pixel.

In our approach we store the image intensity information and the label
information in separate dictionaries. We denote the intensity dictionary
D ∈Rhn×m, which is a matrix with m atoms – one vectorized image patch
in each column. The size of the image patch is

√
n×
√

n and h is the color
depth. D is used for modeling an image patch x by choosing the near-
est atom in d j ∈ D such that d∗ = min j

∣∣∣∣d j−x
∣∣∣∣, where j = {1, ...,m}.

We want to learn D from data to model the image textures well. This
can be found by choosing D such that it minimizes the residual error
D = argminD ∑

o
i=1

∣∣∣∣d∗i −xi
∣∣∣∣

2, where o is the number of training sam-
ples. This is a clustering problem, where a good iterative approximation
based on vector quantization can be found with the k-means algorithm.

A dictionary with small residual errors on the image atoms does not
necessarily have good discriminative properties. So, simultaneously to
modeling intensity data well, we also want the dictionary atoms to be
unique for a specific class and hereby have high discriminative power. We
associate the intensity dictionary D with a label dictionary L∈ [0;1]n×m×l ,
where l is the number of classes. The spatial extension of the label dic-
tionary atoms is the same as the intensity dictionary, so a probability can
be inferred on each pixel. Each atom d j in D has an associated atom l j
in L, and a pixel in a label atom contains the probability of all classes, so
∑

l
k=1 lk(g) = 1 where g ∈ {1, ...,n} is the pixels in the label atom. Ide-

ally a pixel in a label atom will have probability 1 for one class and 0 for
all other classes, and we change an observed label atom to an ideal label
atom l̂ by

l̂k(g) =
{

1 if k = maxk lk(g)
0 otherwise

.

The discriminative power of the dictionary atoms can be found by the fol-
lowing minimization L = argmin

L
∑

o
i=1 ∑

n
g=1

∣∣∣∣l̂i− li
∣∣∣∣

1, where each atom

in L is optimized to contain label information for one class in each pixel.
The coupling of the label and intensity dictionaries requires the optimiza-
tion to be done for both dictionaries simultaneously, and we propose an
iterative approach for approximating the solutions.

To build the label image we employ the label dictionary. The label im-
age is a probability map for the class labels. Given an image P ∈ Rr×c×h

we construct a label image Pl ∈ [0;1]r×c×l initially with all zeros. We
build the label image by pixel wise coding P using the dictionary D. This
is done by visiting all pixels P(i, j) where we can extract a

√
n×
√

n×h
image patch. The nearest dictionary atom d j is found and the correspond-
ing label patch l j is added to the

√
n×
√

n× l image window centered at

Figure 1: Example of multi class segmentation using patch based classifi-
cation. (a) combination of sixteen Brodatz textures. (b) histopathological
colored tissue sample of cell nuclei – left training sample, center origi-
nal test image and right added 100 % Gaussian noise (relative to standard
deviation).

position (i, j). The final label image will in each pixel Pl(i, j) have the av-
erage probability of all labels that covered that pixel. The third dimension
of Pl encodes probability for each label.

We have experimentally validated our approach a number of seg-
mentation experiments on composed and natural textures. Examples are
shown in Figure 1. The experiments show the method’s flexibility and
robustness to noise, and we compare to similar approaches on a num-
ber of image compositions made from Brodatz textures [1], the VisTex
database1, and the MeasTex database2. On this dataset our procedure per-
forms better than state of the art methods of [5, 8].
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