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Abstract— In this paper, we propose a method for image

clustering using multinomial mixture models. The mixture of

multinomial distributions, often called multinomial mixture, is a

probabilistic model mainly used for text mining. The effectiveness

of multinomial distribution for text mining originates from the

fact that words can be regarded as independently generated in

the first approximation. In this paper, we apply multinomial

distribution to image clustering. We regard each color as a

“word” and color histograms as “term frequency” distributions.

Recent work provides an evidence that color histograms are

quite non-Gaussian. Therefore, we assume that there are no

intrinsic dependencies between the frequencies of similar colors

and adopt multinomial model. We can append other informa-

tion, e.g. spatial information, because our model assumes no

intrinsic dependencies among image features. Our experiment

has compared multinomial mixture, Dirichlet mixture and k-

means. Dirichlet mixture, a Bayesian version of multinomial

mixture, is applied to image clustering for the first time as far as

we know. The results of our evaluation experiment demonstrate

that multinomial mixture gives higher accuracies thank-means.

Further, Dirichlet mixture provides a result comparable to the

best result of multinomial mixture.

I. I NTRODUCTION

In this paper, we propose a method for image cluster-

ing based on multinomial mixture models. The mixture of

multinomial distributions, often called multinomial mixture,

is a probabilistic model mainly used for text mining, e.g.

junk e-mail filtering [1], citation data analysis [2], etc. While

multinomial mixture is well-known as a basis of the supervised

learning framework for the so-called “naive Bayes” classifier,

we can also found the unsupervised learning framework for

document clustering on multinomial mixture models by using

the EM algorithm [3]. In this paper, we use multinomial

mixture for image clustering. We also propose an image

clustering based on Dirichlet mixture models, a Bayesian

version of multinomial mixture models. As far as we know,

Dirichlet mixture is applied to image clustering for the first

time. Our evaluation exepriment has used an image dataset

prepared by Prof. Wang [4] [5] where 1,000 images of 10

categories are included. The results show that multinomial

mixture works well as a basis of the unsupervised learning of

image similarity. The rest of the paper is organized as follows.

Section II provides previous work. Section III describes our

image clustering in detail. Section IV gives the settings of

our experiment and shows the results. Section V includes

conclusion and our future work.

II. PREVIOUS WORK

The effectiveness of multinomial distribution for text mining

originates from the fact that words appearing in each document

can be regarded as generated independently in the first ap-

proximation. This is often called a “bag-of-words” document

model and is widely accepted by text mining researchers [6].

In this paper, we apply multinomial distribution to image

clustering. We regard each color as a “word” and color

histograms as “term frequency” distributions. Many standard

image thresholding techniques, e.g. Otsu method [7] and

Kittler and Illingworth method [8], are based on the intuition

that color histograms can be fitted by a mixture of Gaussian

distributions [9]. However, recent work provides an evidence

that color histograms are quite non-Gaussian [10, Ch. 4] [11].

Therefore, we are led to an extreme position. We assume that

there are no intrinsic dependencies between the frequencies

of similar colors and adopt multinomial models where each

color instance is assumed to be generated independently. In

other words, we assume that any pair of axes of the image

feature space has no intrinsic relationships. However, we can

observe statistical similarities among the color histograms

of images having similar semantic contents. Therefore, we

assume that color histograms of similar images are generated

by similar multinomial distributions. As a result, we obtain

a probabilistic model for image clustering using multinomial

mixture. We can also append other types of information, e.g.



spatial information, because our model assumes no intrinsic

dependencies among image features and can accept any type

of histogram as an input. In this paper, we also use Dirichlet

mixture [12] [13], a Bayesian version of multinomial mixture,

for image clustering. With Dirichlet mixture, we do not need

to conduct a fine tuning of a smoothing paramter. This tuning

is necessary to obtain better clustering results when we use

multinomial mixture. Dirichlet distribution is applied to image

mining in [14]. However, the authors use a mixture of Dirichlet

distributions to find multimodality of color histograms by

assuming that color histograms can be fitted by a mixture of

unimodal distributions. This assumption is not shared by this

paper.

III. M ULTINOMIALS FOR IMAGE CLUSTERING

A. Multinomial mixture

Let W = {w1, . . . , wJ} be the set of colors, which are re-

garded as “words” in our model of images.D = {d1, . . . , dI}
is a given set of images, each of which is a multiset of

colors. Namely, we represent each image as a frequency

distribution of colors.nij is the frequency of the colorwj in

the imagedi, i.e., the number of pixels having the colorwj .

Let C = {c1, . . . , cK} be the set of cluster IDs. By introducing

notations in this manner, we can identify image clustering with

document clustering. The probabilityP (di) that the document

di is generated by multinomial mixture is

P (di) =
K∑

k=1

P (ck)
J∏

j=1

P (wj |ck)nij , (1)

whereP (ck) is the probability that the documentdi belongs

to the clusterck, and P (wj |ck) is the probability that the

word wj appears in the clusterck. A multinomial distribution

is assigned to each cluster, and the documents included in

each cluster are assumed to be generated by the correspond-

ing multinomial distribution.K probabilities P (ck) (k =
1, . . . , K) and JK probabilities P (wj |ck) (k = 1, . . . ,K,

j = 1, . . . , J) are the parameters of multinomial mixture. As

for these parameters, the following equations hold:

K∑

k=1

P (ck) = 1 ,
J∑

j=1

P (wj |ck) = 1. (2)

The maximum likelihood estimation of these parameters are

obtained by maximizingP (D) =
∏I

i=1 P (di) under the

constraints given in Eq. (2). We can use the standard EM algo-

rithm for parameter estimation [3]. We also use a smoothing

technique in the EM algorithm where we replace the proba-

bility P (wj |ck) that the wordwj appears in the documents

belonging to the clusterck by a linear combination of this

probability with the background probability of the wordwj :

(1− a) · P (wj |ck) + a ·
∑I

i=1 nij∑I
i=1

∑J
j=1 nij

. (3)

This smoothing is obtained by introducing one Dirichlet prior

distribution for the entire image set and by adopting MAP

estimation of the model parameters. [15] describes the details

of the EM algorithm for multinomial mixture models accom-

panied with smoothing. When we use multinomial mixture,

we should conduct a tuning of the smoothing parametera in

Eq. (3) to obtain effective clustering results.

B. Dirichlet mixture

Dirichlet mixture is a “Bayesian” version of multinomial

mixture [12], often alternatively called Dirichlet compound

multinomial [13]. In Dirichlet mixture models, we introduce a

Dirichlet prior distribution for each multinomial distribution,

which in turn corresponds to each cluster. Then, by taking

integral over multinomial parameters, we have the marginal

likelihood P (di;α) for the documentdi as follows:

P (di; α)

=
K∑

k=1

P (ck)
Γ(

∑J
j=1 αkj)

Γ(
∑J

j=1 nij +
∑J

j=1 αkj)

J∏

j=1

Γ(nij + αkj)
Γ(αkj)

,

(4)

whereαkj (k = 1, . . . , K, j = 1, . . . , J) are the parameters of

Dirichlet prior distributions. We can estimateJK parameters

αkj andK parametersP (ck) (k = 1, . . . , K) by maximizing

the marginal likelihoodP (D; α) =
∏I

i=1 P (di; α) for the

given document setD. The estimation details are found in

[16]. In our implementation, we have not used leave-one-out

approximation described in [12] because digamma function

can be efficiently implemented as shown in [10, Appendix C].

It is important that both multinomial mixture and Dirichlet

mixture are based on multinomial distributions and thus do

not explicitly model the relationships among the frequencies

of different words.

IV. EXPERIMENT

A. Clustering using color information only

Our experiment has compared the performances of multi-

nomial mixture, Dirichlet mixture andk-means.k-means is a

well-known method for clustering vectors in high-dimensional

feature spaces. We have used the frequencies of uniformly

quantized colors as the features of images. Since we intend to

evaluate not the performance of feature extraction but that of

image clustering, we have uniformly split the color intensity



range into the parts of equal widths. We obtain six ways of

color quantization by quantizing all of red, green and blue into

six, five, four, three, two and one bits/bit uniformly.

For the evaluation of clustering results, we have used the

1,000 image dataset prepared by Prof. Wang [4] [5]. This

dataset consists of 10 image sets each of which includes

100 images and is gathered under different but self-consistent

viewpoints. All images are of size384 × 256 or 256 × 384.

While a few images in each of these 10 sets have different

visual outlooks from other images in the same set, we have

used these 10 sets as the ground truth for our image clustering

task. We believe that this experiment setting will not prevent

us from bringing out the differences betweenk-means and our

methods based on multinomial mixture or Dirichlet mixture.

Each clustering method is executed 20 times after randomly

initializing parameter values. Our evaluation measure is the

average and the standard deviation of the accuracies of these

20 clustering results. The accuracy of each clustering result is

computed by dividing the sum of the diagonal elements by the

sum of all elements in the confusion matrix [17]. When we

use multinomial mixture, the smoothing parametera in Eq.

(3) is set to0.5. The preliminary experiment shows that the

clustering in our case is not so sensitive to the parametera.

Fig. 1 presents the results of our experiment. The horizontal

axis shows various settings of image clustering by combining

clustering methods and quantization methods. “K”, “MM”

and “DM” denotek-means, multinomial mixture and Dirichlet

mixture, respectively. “64ˆ3”, “32ˆ3”, “16ˆ3”, “8ˆ3”, “4ˆ3” and

“2ˆ3” denote six color quantization methods which uniformly

quantize all of red, green and blue into six, five, four, three, two

and one bits/bit, respectively. For example, “32ˆ3” means that

we have323 variations of colors after uniformly quantizing all

of red, green and blue into five bits. By combining these two

types of symbols, we refer to a setting of image clustering,

e.g. “MM4ˆ3”, “K16ˆ3”, etc. We have3× 6 = 18 settings in

total. The number of different colors obtained by using each

of the six quantization methods is presented in Table I. These

numbers are a counterpart of the number of vocabularies in

document clustering. The vertical axis in Fig. 1 represents

accuracy of clustering results. Each marker gives the width of

±1 standard deviation of 20 accuracy values computed for 20

clustering results.

Fig. 1 shows that, whilek-means gives the best accuracy

for 64ˆ3 among six quantization methods, multinomial mixture

gives almost the same accuracies for the following four

settings: 64ˆ3, 32ˆ3, 16ˆ3 and 8ˆ3. We can conclude that

the small differences observable among similar colors are

TABLE I
NUMBER OF DIFFERENT COLORS IN THEENTIRE IMAGE SET

quantization method 64ˆ3 32ˆ3 16ˆ3 8ˆ3 4ˆ3 2ˆ3

# of colors 138,842 19,598 2,771 411 61 8

important fork-means. This may be partly explained by the

fact that the success ofk-means relies on the isotropicity

of the feature space. We may lose the isotropicity of the

feature space by reducing the number of colors with a coarse-

grained quantization. Consequently, the accuracy ofk-means

may degrade. On the other hand, multinomial mixture reveals

that small differences observable among similar colors actually

lead to no remarkable improvements in our image clustering

task. Multinomial mixture may work even when the input

data scattered in the feature space do not exhibit isotropicity.

Further, multinomial mixture provides better accuracies than

k-means for all color quantization methods. Therefore, we can

say that dependecies among the axes of the image feature

space have little effect on clustering accuracy in our task.

Fig. 1 also shows that Dirichlet mixture gives the best

accuracy for 4ˆ3 among six quantization methods. More-

over, this accuracy is comparable to the best result given

by multinomial mixture. See Fig. 3 and Fig. 4 to compare

multinomial mixture and Dirichlet mixture, where we present

image clusters separately. Each image is resized to 16x16

pixels only for presentation. Fig. 3 (resp. Fig. 4) shows an

example of clustering results obtained by multinomial mixture

(resp. Dirichlet mixture) when we use the quantization method

8ˆ3 (resp. 4ˆ3). While it takes 8 seconds to obtain the clustering

result in Fig. 3, the result in Fig. 4 requires 38 seconds with

Intel Core2 CPU 6600 at 2.40GHz.

As is reported in [13], Dirichlet mixture is efficient for

text mining when the words exhibit burstiness. Word bursti-

ness means that some words appear repeatedly in the same

document while those words appear not so frequently in

the entire document set. In case of image clustering, color

burstiness means that some colors appear repeatedly in the

same image while those colors appear not so frequently in the

entire image set. When we use a fine-grained quantization,

color burstiness may be lost because the small differences

of colors are preserved. However, by using a coarse-grained

quantization, color burstiness may come to appear. We think

that this is the reason why Dirichlet mixture does not work

for the quantization methods 64ˆ3, 32ˆ3 and 16ˆ3.

B. Clustering using color and spatial information

We have conducted another set of evaluation experi-

ments where we also use spatial information. By applying



TABLE II
NUMBER OF DIFFERENTFEATURES IN THEENTIRE IMAGE SET WHEN

WE ALSO USE SPATIAL INFORMATION

quantization method 64ˆ3 32ˆ3 16ˆ3 8ˆ3

# of colors 152,584 33,340 16,513 14,153

quantization method 4ˆ3 2ˆ3

# of colors 13,803 13,750

Daubechies-4 wavelet transform [18], we obtain spatial in-

formation from original images as is described below.

1) Split each image into8 × 8 disjoint blocks. Since all

images in our dataset are of size384×256 or 256×384,

we have 1,536 blocks for each image.

2) For each block, apply Daubechies-4 wavelet transform

to red, green and blue intensities, separately.

3) For each of red, green and blue transformed information

of each block, we compute the average of the absolute

values of 16 entries appearing in the LL subband of

size4× 4. Intuitively speaking, LL subband includes a

“compressed” version of the original8× 8 block. As a

result, for each of the 1,536 blocks, we have a 3-tuple

consisting of the three average values each of which

corresponds to the red, green and blue LL subbands.

4) We divide each of the three entries of all 1,536 tuples

by an integerq and discard the remainder. The value of

q controls the coarseness of the “quantization” of our

spatial information. In the experiment, we setq = 16.

5) We regard each resulting 3-tuple as a spatial information

of the corresponding8×8 block and count their frequen-

cies in the whole image. These frequencies are appended

as additional features to the quantized color frequencies

used in the experiments described in Section IV-A. Note

that new frequencies obtained here should be multiplied

by the number of pixels in a block, i.e.,8× 8 = 64, so

that these frequencies have an influence comparable to

those used in Section IV-A.

The above additional features are appended to each of the

six frequency distributions of colors quantized in six ways,

i.e., 64ˆ3, 32ˆ3, 16ˆ3, 8ˆ3, 4ˆ3 and 2ˆ3. And we use three

clustering methods, i.e.,k-means, multinomial mixture and

Dirichlet mixture, as in Section IV-A.

Fig. 2 shows the results. Fork-means, we have obtained

an improvement in comparison with Fig. 1. This may be

because we can increase the isotropicity of the feature space by

introducing spatial information. Fig. 5 (resp. Fig. 6) provides

an example of clustering results before (resp. after) introducing

spatial information. On the other hand, multinomial mixture

provides no remarkable differences for the cases 64ˆ3, 32ˆ3,

16ˆ3 and 8ˆ3 in comparison with Fig. 1. The improvement

obtained for the cases 4ˆ3 and 2ˆ3 may be straightforwardly

explained by the fact that we can use richer information after

appending additional features. However, as in the case of

clustering only using color information, multinomial mixture

always works better thank-means.

Dirichlet mixture gives worse results for 8ˆ3, 4ˆ3 and 2ˆ3

than in Fig. 1 where we only use color information. This may

be due to the fact that the newly introduced features show poor

burstiness and, at the same time, have a stronger influence on

the quality of image clusters than the frequencies of quantized

colors.

Therefore, we also have tested another value forq. By set-

ting q = 128, we divide the sums of the absolute values of the

entries in LL subbands more coarsly. We append this spatial

data to the frequency distributions of colors quantized in the

following two ways: 4ˆ3 and 2ˆ3. Then, we have obtained the

averaged accuracies 0.5446±0.0652 and 0.5746±0.0444 for

4ˆ3 and 2ˆ3, respectively. The latter is comparable with the

accuracy for the case of DM4ˆ3 in Fig. 1. A sample result

is shown in Fig. 7 where we setq = 128 and use the color

quantization method 2ˆ3. We obtain this clustering result in

40 seconds with Intel Core2 CPU 6600 at 2.40GHz. For this

case, the percentage of the Dirichlet prior parameters estimated

as less than 1.0 among those estimated as non-zero is far

more than the case whereq = 16 and the color quantization

method 2ˆ3 is used. This tells that more features exhibit

burstiness when we setq = 128 than when we setq = 16,

because the parameters of Dirichlet distributions are likely to

be estimated as less than 1.0 when the features corresponding

to those parameters have burstiness. Our results show that the

clustering performance of Dirichlet mixture heavily depends

on the characteristics of the features.

V. CONCLUSION

In this paper, we provide two image clustering methods

based on multinomial distributions, i.e, the method based on

multinomial mixture and that based on Dirichlet mixture.

Multinomial mixture gives high clustering accuracies for a

wide variety of color quantization methods and even after

appending the spatial information. Dirichlet mixture also pro-

vides good results when the image features exhibit burstiness.

Therefore, we can conclude that even when we assume that the

instances of the image features are generated independently,

we can have fairly a good clustering result.

We plan to conduct image clustering where the image fea-

tures are determined by using more sophisiticated methods for
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Fig. 1. Evaluation Results of Clustering Only Using Color Information)
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Fig. 2. Evaluation Results of Clustering Using Color and Spatial Information)

color quantization and also for spatial information extraction.

If such image features can be regarded as generated more

independently to each other than the features used in this

paper, we can show the nature of multinomial distributions

more explicitly. We also plan to devise a content-based image

retrieval method based on multinomial mixture, because the

so-called language model proposed in the field of information

retrieval is based on multinomial mixture [19]. We can propose

its counterpart for image retrieval.
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