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Abstract—Automatic image annotation is crucial for keyword- aspects of image processing. Automatic image annotation ca
based image retrieval. There is a trend focusing on utilizabn  pe treated as multi-class classification problem. The numbe
of machine learning techniques, which learn statistical mdels ¢ ~|5sses is usually very large. Available training dataften

IE)?TJr?sn;gr:aitreniéZ; glens t?]?: sggg txgmprtgpgigelr\ﬂe(;ﬂxoiatr:gv weakly annotatedwhich means that annotation given for the

image auto-annotation method based on building simple Mul- images are incomplete and may contain.er_rors [12]. The.se
tivariate Gaussian Models for images. All steps of the mettb factors, among others, make the automatic image annotation

are thoroughly described. We argue that MAGMA is efficient task very difficult. It is often considered that precision on

way of automatic image annotation, which performs best in I&/ 6 |evel of 30% which achieves state-of-art systems is very
dimensional feature space. We compare proposed method with good [14]

state-of-the art method called Continuous Relevance Modebn ) o
two image databases. We show that in most of the experiments There have been several studies on automatic image an-
simple parametric modeling of probability density function used notation utilizing machine learning techniques for leagi
in MAGMA significantly outperforms reference method. statistical models from annotated images and apply them to
generate annotations for unseen images. Probabilistic- mod
eling plays a very important role in this domain. Bayesian
ONTENT-based image retrievalBIR) is one of the ma- decision framework is one of the fundamental components of
jor approaches to image classification and retrieval thgiiese methods [6]. Another key component is the process of
has been investigated extensively in the past decade [LB], [ modeling data using probability distribution functionsDP.
Generally, CBIR deals with the problem of searching thBayesian framework is so broad, that it also encompassgs thi
images in large databases, but differ from the traditionlarning of PDFs. There are two main approaches for data
text-based approache$RIR). Standard TBIR search enginesnodeling: parametric and non-parametric [2].
try to retrieve images relevant to user query by matching Both parametric and non-parametric models are efficient
all available textual information, like captions and maiwa methods for estimation of probability density function.ade
added tags [18]. of parametric models require a training phase, in which
A major drawback of this approach is high cost and thenknown parameters of adopted distributions are caladllate
amount of effort needed to annotate images in a consistéterward, in the processing phase those estimated priityabi
way. In real life databases it is often the case that no amfditi distributions are used to model conditional density fumsi
information is provided for many pictures. That is why, TBIROne of the most popular approach for density estimation in
is applicable mainly to small collections of images. CBIR, opattern recognition i€xpectation maximizatiomethod [1].
the other hand, tries to classify and search images usinglvis Usage of non-parametric models provides another view on
features, such as color, texture, shape and structure. probability density function estimation. There is no tram
Automated image annotation aim is to find the correlatigghase — for density function estimation proper density- esti
between low-level visual features and high-level semantianator needs to be chosen. Main drawback of this approach is
Often automatic image annotation is integral part of modkigh computational cost needed in the processing phase.
ern CBIR system [17]. The main goal of automatic image In the paper the reference method @ontinuous Rele-
annotation task is to assign semantic labels for images.Teance Model(CRM). The method is an effective automatic
queries are often much more natural than visual queriéiage annotator, often cited in the literature [3], [4], .[5]
e.g. querying by color, texture, shape. Image annotatioms &or density estimation it uses non-parametric approaeh, i.
a bridge between textual queries and visual image conteRarzen estimatocombined withsingle dimensional Gaussian
However, the utility of automatic image annotation is ndternels The high quality of CRM annotation, outperformes
limited to CBIR systems. Both private, academic and commaesther methods which makes it the reference base-line for any
cial sectors are interested in methods incorporating aatiom futher work in this image annotation area [14]. Good quality
image annoatation. of CRM annotation requires high dimensional feature spaces
Automatic image annotation has its roots in both imagehich makes this method unsuitable for certain uses.
recognition and machine translation. It focuses on prakttic Many methods proposed in the literature assume construc-
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tion of a model for each of the detected concepts [11]. Thevhere:x; : k € 1,...,n — feature vectors representing the
parameters of those models are estimated from the trainingut imageZ, Wx — subset of words from the dictionary,
set. The training images are weakly annotated so therebising an output of automatic image annotation metiod

no association between the concept and the image region.

Training samples contains a lot of noise during the paramefe Word probabilities given images

estimation. From such data estimation of parameters is veryr, . following annotation problem may be efficiently formu-

d'flf'le[E: tation f K based lated using probabilistic framework. Let us assume thailsin
n this paper We propose annotation framework based plhy e vectors (all features are continuous) are drawm fro
multivariate statistical analysis. Instead of creating single unknown continuous probability distribution. Paramets

model for eaqh concept, our method create; mult_|ple mod Ts distribution can be estimated from the training ddtase
where one single model correspond to single image.

e
S : . On the other hand, words are drawn from an unknown
proposeMultivariate Gaussian Modehs an effective tool for . S e
: : . iscrete probability distribution. This distribution maiso be
modeling correlation between feature space and corresﬂpmvpndd

. estimated from the training data. To be able to annotate new
semantic vocabulary. We show that the proposed method wor : ) .
o ; . images we would like to find the relation between words and
effective in case of low dimensional feature space on thedes. . " .
datasets images. As shown in the pattern recognition [2] and autamnati

The paper is organized as follows. In next section, wmage annotation literature [4], the discussed problem bey

formulate the automatic image annotation problem. Sec. ﬁ?lved using the following fundamental equation:

describes the proposed method. Experiments are described i P(w)f(I|w)
Sec. IV. The last section contains conclusion and possible P(w|I) = 7 , 3)
further research directions. 1)

Il. PROBLEM STATEMENT where: P(w|I) — a posteriori probability of a word given

Automatic image annotation is strongly connected to imacj‘é1 |mg_\ct].e,P(|w) _bab‘ﬁ)';log pro_tba:)llltyt_of W?r.d w fU'?“
classification. However, there are some important diffeesn — conditional probabiiity densily function of images given

Formally, in image recognition a single vector of obseivadi woAr\d w'"f(kl) - normqllzatlon factor. iordecisi | |
is an input and a single class (word) is an output: well known maximum a posteriorflecision rule (also

called theBayesian rulg is inferred from the above equation
U(z)=weW, (1) and is formally defined as follows:

where: xz — a feature vector|¥ — set of possible output
classes (dictionary)w — class (word) from the dictionary,
being an output of recognition methdd

w* = arg max P(w)f (I|w), (4)

o . where:w* is the optimal word for imagé&.

A. Automatic image annotation The decision rule may be successfully applied to image
The aim of automatic image annotation is to describannotation problem. However, instead of generating a sing|
previously unseen imadgg In contrast to image classification,class (word) we need to generate a set of classes (words).
image annotation assigns a set of concelpté from the This can be accomplished by taking a subset of words with

semantic dictionary¥Z € W to the imageZ. the highesta posteriori probabilities. In the paper we will
Image is represented by the set of visual featufes= follow the presented concepts.

{vf, .- oI} The number of visual features should be equal

to the number of segments obtained from the process of image 1. PROPOSEDAPPROACH

segmentation. Each visual featurg = [z7,. .- zi7] is a

m

. . To solve an image annotation problem described in previous
vector of low level attributes such as mean value in each géction we pronose the method based on modeling images
the RGB channel or the number of edges. prop 9 9

Training dataseD — {(Z,, W), --- ,(Zy, WE4))} con- by Multivariate Gaussian ModelsM(GM). We assume that

sists of image—words pairs. We assume that the trainingsseg?Ch |rr_1age|Z n dthe tralplrt\)?ézset r']S thed.retqlg)z?.tlon. o(fj T‘umd_
weakly labelef21], [8], which means that: Imensional random variabl¥;, whose distribution is define

1) it may be incomplete, i.e., lack of conceptiZ does on multi-dimensional feature space. We assume furthet, tha
not myean that it ?s no’t \I/is.,ible on the iC'[E),II’e all of those variables have Gaussian distributions. Thenfor
2) we do not have a mappin betwe:n wor,ds and totfa Probability Density Function(PDF) depends on the seléct
specific visual features pping ?eatures, but if we consider an avarage values (e.g., Qolors
P . . . we can assume, according to Central Limit Theorem, a nor-
3) set of words may contain errors (e.g., misspellings).

| ati b lai hmﬁl distribution. During the automatic image annotatior, w
mage annotation process may be seen as a refation Whlbfp,, ate which set of models have the highest probabhiiy t
maps visual features to the set of words from seman

dicti ) H%e testing image has been generated by them. The proposed
Ictionary: approach is two-fold— learning and identification phase. In
AT) = A({z1, 22, ..., zn}) = Wx C W, (2) this section we thoroughly discuss those phases.
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obtain a visual regions. For these regions, one have toletécu
the features, which could include information about cqlors
color standard deviations, pattern information, etc. Aftes
step we obtain a set of feature vectors.

As we mention at the very beginning of this section, our
approach assumes that every single image in the trainirg col
lection is realization of a different multi-dimensionahdiom
variable. If we focus now only on one image, the feature

r
nonnalizet vectors {z%, 22 ... [ xZ} for all regions can be treated as
images a realization of a multi-dimensional random variable. Im ou

method we make an assumtion that random variable which
model the image is normally distributed, so its probability
density function PDF) is defined as follows:

1
(2m)n/2 |g)?

exp <§<x TS - m) G

G*(, 1, %) =

Image 1 Image M where z is an observation vector for which we would like
to calculate the density functiop” is mean vector, andL?
feature J feature J is the covariance matrix. Both? and =7 are parameters of
vectors vectors adopted MGM model and can be easily computed from all
observationgx?, 22, .- 2} for imageZ.
! model estimation v Here we want to emphasize that treatment of each image as
a realization of different random variable and then cafioma
model for model for of the parameters of its distribution is important step to
image 1 image M generalize from each image. This random variable define not
only a one image but the whole collection of images from
Annotation Annotation : . . .
for image 1 for image M which our base imagg is the most likely created.

Now we focus on creating the most important part — the

recognition module. From the training datagetwe take all
the training example&Z, W7) and create sets of the examples
D" for each word in semantic dictionady. ImageZ will be
included in this set if the wordy € W7 is included in its set
of annotations. Formally:

Recognition model

models models
for w, for w,

VwewVzep.(Z € DV & w e W¥) (6)

One imageZ could be included in multipleD™ sets, and the
total number of those sets is equal to the length of image
7 annotation. As the result of the previous steps we have
already estimated a model parameters for all images so we
can transform each” set into a recognition model. This can

The first stage in automatic annotation process is the Ieam/— done by rgplacmg all 'mages by their models.
ing phase, in which we build the models for all the images., Replacmg images by their modgl_s lead us to the recog-
Since each of the images in the training collection is a ras |t|on m_odel. Bapause the recogn!tlon model b.a.sed on the
image the first step is preliminary preprocessing. Pre[sing mult_|var|at(_a gausian mod_els for all images in training set w
could do normalization of histograms or noise reductionchhi call it M l_JItlvanAte GaussiarModel Annotator —MAGMA .
often appear during image compression. Then we have I\{I@gma is & set of elements such that:
divide each image into separate visual regions. I_n thi_samp_ - MAGMA = {MGM®', MGM"*,--- ,MGM""}, (7)
can use a different approaches. One of the easiest is toedivid
image into equal-sized rectangles. More complicated nasthavheren is the total number of words in the semantic dictionary
could create visual regions as a result of clusterizatioegss. W, and W = |J'_, w;. MGM™i is a set of image models
Regardless of the used segmentation method, as a resultwirch was annotated by a word; in a training dataset:

Fig. 1. Learning phase diagram

A. Learning phase
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VwewVzep. (G € MGM"Y < w € W) (8)

During this step for all words we calculate probabilty of
occurance, which is based on word frequency in training set
annotation:

|w]
)
2zew 7]

where |w| is the number of occurrences word in all WZ
sets.

Due to the fact that the recognition model contains sets of
simple multivariate gaussians, we call this metiddGMA
— Multivariate Gaussian Model Annotatokll the steps nec-
essary for building a recognition model have been illusttat
on the Fig. 1.

MAGMA is used to calculate probability?(w|Z), which
means that given word is an annotation for unseen image
Z. To illustrate a sample density function for a word in a
MAGMA model we tookICPR2004[19] image database and
restricted the size of feature vector. For each image region
we analyze only two colors: red and green. We shidw M
models for two wordshusky and fans Probability density
functions for those words are presented in the figures 2 and 3.

P(w) = )

On the axes there are a values of each color (scaled from™: 3

255 to 0-1). Brighter color means that the value of the fuorcti
is higher. To illustrate the difference between our method a
CRM, we placed also chart for the same words in CRM model.

green

green
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Worth mentioning is the fact that the proposed model,
considers the covariance between the features. This gyoper

is important in the case when we want to build an accurate
model based only on a few examples or analyze only a limited
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20 number of image regions — focusing only on certain parts of
16 image. This property is well shown on the attached figures
1“ on which we can see that the CRM density function is more
10 blurred, while MAGMA finds and focuses only on interesting

s part of the feature space. In MAGMA the difference between
presented two words is clearly visible. That contrast with
CRM, where it is hard to distinguish between PDFs of images.
In next section we will show the comparison of those two
methods.

B. Identification phase

Here we will focus on the identification phase where we
000035 need to use our recognition model(eq. 1). In this phase we
00003 perform the annotation process: for unseen imagee want
0.00025 to determine the set of words from the semantic vocabulary
W that describe accurately new image(eq. 2). According
to Eg. 3 and 4 this can be achieved by finding model that
maximises both prior probability of the worB(w) and the
a posteriori probability that image was annotated by word
P(Z|w). As has been shown, word probabiliB(w) (Eq. 13)
can be estimated by counting the word frequency in a training
set. FindingP(Z|w) is much more complicated.

First steps of the identification phase are very similar & th

Fig. 2. Probability density function for images annotatgdwmord 'Fans’ |earning phase_ New |ma@ is normalized and divided into
separate visual regions. After segmentation the featurtore
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are calculated for all regions which are input to the rectigmi
model. new image
In the learning phase a set of mod@lsG' V™ was created —
for each wordw. We can now use them to calculate most normalization
probableM GM models. Because all of them are associated normalized
with only one word we can choose the words by obtaining the image
g
set of bestVM GM models. ,
. . segmentation
In the proposed approach annotation process is formulated v
as a collection of independent detection problems. Fintlieg ‘ i
set of words could be treated as finding the best MGM models V'Sua't
which maximises the following equation: segments
P(w|[) _ P(w) « f([|MGMw), (10) feature extraction '
Conditional probability that given imagg is generated by feature
the set of models for a word is given by the following vectors
equation: estimate

words probability

FUIMGM™) = f({af, - aR IMGMY),  (11)

Recognition model

where thez? is the i-th feature vector, andV is the total
number of regions in image.

. models models
Due to the fact that we want to know the probability that || T
the whole image was generated by the wd¥d we need to ' .

calculate conditional probability that all feature veestar that
-
image are generated by the set of models for that word: L

N
f({l‘%, e ,.T]IVHMGM“’) = H m(:z:ﬂMGMw), (12) build word ranking

i=1

From previous section we know tha/ GM™ is set of Iz Ll e el

models for all images annotated by the ward We assume
here that all features; extracted from the regions of image
| are independent, like in SML algorithm[21]. The degree of
certainty that one feature vectaf’ could be annotated by
word w is given by the following equation:

Fig. 4. Recognition phase diagram

GZ(z, 1, %) A. Datasets
MGM"™) = _— 13
mial = U e @
GreMGM™ In order to evaluate the proposed method we performed
whereGZ is the model from set of models created for wordests on two data sets: ICPR 2004 [19] and MGV 2006 [20].
w, and|[MGM™| is the number of models in that set. Information such as number of images, dictionary size, and

The word that best describes the image is then calculat@@an annotation length are presented in table I.
by solving following equation:

TABLE |
USED DATASETS FOR QUALITY ASSESSMENT

w(l) = arglruneav)éP(w)f(ﬂMGMw), (14)

The P(w)f(I|MGM™) could be also used to build ranking
for all words in the dictionary. The proposed recognition

MGV 2006 ICPR 2004

. . . . Number of images 751 1109
algorithm has quadratic computational complexity. Dictionary size 74 207
Diagram of the recognition process is presented in the Mean annotation length 5.0 5.79
figure 4. In the next section we present experiments and
results.

Selected datasets contain different size of semantic vocab
ulary, while mean length of annotations are very similaisTh

In this section we present experimental evaluation of prameans that in ICPR 2004 there are far less images annotated
posed method. Next paragraphs contains information abdaytthe same words then in MGV 2006. In further experiments
used image databases, evaluation measures and descaptione show that proposed MAGMA annotation method deals
experiments and obtained results. significantly better then CRM in such cases.

IV. EXPERIMENTAL EVALUATION
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B. Image regions and feature vectors better results also in second experiment when we analyze
Exact description of methods which can be used in fir§i€an values of red, green and blue, and standard deviation of
steps of learning process — image normalization and imaglors values in each image segment. In the third and fourth
segmentation, is out of the scope of this paper. In expetisnef*Periment we added respectively eigenvalues of Hessidn an
all images are normalized by contrast stretching [15]. Timiob the number of edges. In this part CRM give us better results.
image regions we simply split image into 25 equal rectangl€4r method in those experiments needs to estimate more
by apply on them 5 by 5 grid spliter. For all regions wdhan 50 parameters of mean vector and covariance matrix
calculate the mean value of colors Red, Green and Blf@sed only_on 25 observations. We get underestimated image
standard deviation of these values, mean Hue, Saturation &dels which performs worse than CRM. The best results
Brightness values, number of edges in all RGB color channeiéere obtained for feature vector containing only six vagab
and the three eigenvalues of color Hessian computed in RGESXPeriment 2.
color space. TABLE Il

C. Annotation quality measures ANNOTATION QUALITY EVALUATION ON MGV 2006IMAGE DATASET

To compare annotation quality of proposed method with Annotation Method
CRM we use three commonly used measures [8], [9]: preci-
sion, recall and F-Score.

The first measure is @recision of annotation. Precision
determines how often the word in the annotated images
collection, was used correctly. Formally precision is dedin

Precision Recall F-Score

1. Features (3): RGB

CRM 0,263 0,240 0,251
MAGMA 0,283 0,330 0,305

2. Features (6): RGB + std. deviation

by the following relationship: CRM 0317 0306 0,311
MAGMA 0,353 0,323 0,337
Pw —
precy, = —, (15) 3. Features (9): RGB + std. deviation + Hes.
w

h i th b f f CRM 0,396 0,348 0,370
where p,, is the number of correct occurrences 0 waud MAGMA 0.352 0297 0,322

gnd 0, the number of all wordw occurrences in annotated 4. Features (12): RGB + std. deviation + edges
Images set. CRM 0,367 0,340 0,353
Recall is another commonly used measure. It indicates how MAGMA 0.270 0235 0251

many images, which should be annotated with the ward
has been annotated correctly by this word. Recall is given by

following equation: In second part of the experiments we compared MAGMA

Pw with CRM on ICPR 2004image database. In this experiment
recy = —, (16) :
ew we focus on the performance of our method in case when the

wherep,, is the number of correct occurrences of wardand semantic dictionary is large and each word annotate onlyisma

ew is the number of expected occurrences of wardBoth number of images in the training set. _
precision and recall have values frdm1], higher values are We performed two series of experiments. First we e_valuated
better. our method on two color models - RGB and HSB (Fig. 5(a),

It is necessary to include information about both precisidi9- 5(¢), Fig. 5(b) and Fig. 5(d)). In both cases MAGMA
and recall to determine the quality of annotator. Therefére annotator outperformed CRM. We get better results however,

Score the third measure, combines this information. F-Scot#en feature vector contains information about colors irBRG
is defined by following equation: color model. The explanation of the facts may be such that in

the HSB color model, only one of the channétkif) contains
(17) the essential information, so that the correlation between
individual channels is small.
D. Results We evaluate the case when the vector contains 9 feature —
In all experiments we assume that we know the length of tiiee color (in RGB color space), its deviation, and Hessian
required image annotation. This is strong assumption,usxaeigenvalues for each of the colors. In this experiment pro-
by using proposed method we obtain a ranking of all the worgesed method has again outperformed CRM. However, due
in the semantic dictionary for each image. to the large number of parameters needed for estimation
In first part of the experiments we evaluated our methahd small number of observations method performance has
on the MGV 2006 image dataset. We perform 4 experiment®teriorated compared with the version of operating on 6
where in each of them a different size of features vectéeatures.
is considered. All results are presented in Tab. Il are theAdding information about edges to feature vector decrease
mean value obtained after four-fold cross validation. le ti MAGMA performance (Fig. 5(f)). In this case CRM has
first experiment we dealt only with 3 features, namely, megmoved to be better, but the overall F-Score obtained in this
values of red, green and blue. In this experiment MAGMA&xperiment is comparable to F-Score achieved by MAGMA
proved to be significantly better than CRM. We obtaineith case of only 6 features (fig. 5(c)).

Precy: TeCy

F,=2—
PrecCy, + TeCy,
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For the experiments carried out for the set of ICPR20Q4] Pinar Duygulu, Kobus Barnard, Nando de Freitas, Davidsft: Object

proposed automatic annotation method — MAGMA in experi- Recognition as Machine Translation: Learning a Lexicon doFixed
. . - Image Vocabulary, Proceedings of Seventh European Cortfer®n

mental studies demonstrate very high efficiency for the kmal Computer Vision (ECCV'02), vol. 4, pp. 97112, 2002.
number of features. [4] Victor Lavrenko, R. Manmatha Jiwoon Jeon: A Model for keiag the

Semantics of Pictures, Proceedings of NIPS, MIT Press,.2003
V. SUMMARY [5] V. Lavrenko, S.L. Feng, R. Manmatha: Statistical modelsautomatic
. . . video annotation and retrieval, Proceedings of IEEE Irtéonal Con-
In this paper we have formulated the image annotation ference on Acoustics, Speech, and Signal Processing (IEAGS, Vol.
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