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Abstract. Automatically assigning keywords to images is of greatrigé as

it allows one to index, retrieve, and understand large ctiies of image data.
Many techniques have been proposed for image annotationeitast decade
that give reasonable performance on standard datasetevdpwnost of these
works fail to compare their methods with simple baselinéntégues to justify

the need for complex models and subsequent training. Imwibik, we introduce

a new baseline technique for image annotation that treatstation as a retrieval
problem. The proposed technique utilizes low-level imaggdres and a simple
combination of basic distances to nd nearest neighbors gifvan image. The

keywords are then assigned using a greedy label transfenanisen. The pro-

posed baseline method outperforms the current stateeefithmethods on two
standard and one large Web dataset. We believe that sucklakaseasure will

provide a strong platform to compare and better understatde annotation

techniques.

1 Introduction

Given an input image, the goal of automatic image annotagitmassign a few relevant
text keywords to the image that re ect its visual contentilizihg image content to
assign a richer, more relevant set of keywords would allogtorfurther exploit the fast
indexing and retrieval architecture of these search esdmeimproved image search.
This makes the problem of annotating images with relevattdeywords of immense
practical interest.

Image annotation is a dif cult task for two main reasons:sFis the well-known
pixel-to-predicateor semantic gagroblem, which points to the fact that it is hard to
extract semantically meaningful entities using just lowelémage features, e.g. color
and texture. Doing explicit recognition of thousands ofeait§ or classes reliably is
currently an unsolved problem. The second dif culty ariskee to the lack ofcor-
respondenc®detween the keywords and image regions in the training draaeach
image, one has access to the keywords assigned tntireimage and it is not known
which regions of the image correspond to these keywords. Miakes dif cult the di-
rect learning of classi ers by assuming each keyword to bepagate class. Recently,
technigues have emerged to circumvent the correspondeolbkem under a discrim-
inative multiple instance learning paradigiij pr a hierarchical generative paradigm
[7].

Image annotation has been a topic of on-going research fog than a decade and
several interesting techniques have been propdséd[s,7,8,9,10,11,12,1,2]. Most of
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these techniques de ne a parametric or non-parametric hhodapture the relationship
between image features and keywords. Even though some ¢ teehniques have
shown impressive results, one thing that is sorely misgirie annotation literature is
comparison with very simple “straw-man' techniques.

The goal of this work is to create a family of baseline measagainst which new
image annotation methods should be compared to justify éeel fior more complex
models and training procedures. We introduce several siteghniques characterized
by minimal training requirements that can ef ciently setés purpose. Surprisingly,
we also show that these baseline techniques can outperforsacomplex state-of-the
art image annotation methods on several standard datasetgll as on a large Web
dataset.

Arguably, one of the simplest annotation schemes is to thegproblem of annota-
tion as that of image-retrieval. For instance, given a t@stge, one can nd its nearest
neighbor (de ned in some feature space with a pre-speci stiattice measure) from
the training set, and assign all the keywords of the nearesjé to the input test image.
As we show in Sectiod, some simple distance measures de ned on even global image
features perform similar to or better than several poputeage annotation techniques.
One obvious modi cation of this scheme would be to #senearest neighbors to assign
the keywords instead of relying on just the nearest one.dmthltiple neighbors case,
as we discuss in Sectiéh3, one can easily assign the appropriate keywords to the input
image using a simple greedy approach, further enhancingrthetation performance.

The K-nearest neighbor approach can be extended to in@igpowltiple distance
measures, possibly de ned over distinct feature spaceseiRly, combining different
distances or kernels has been shown to yield good perfommanabject recognition
tasks [L3]. In this work, we explore two different ways of linearly cdiming different
distances to create the baseline measures. The rst ondysatmmputes the average of
different distances after scaling each distance apprgfyial he second one is based
on selecting relevant distances using a sparse logistiessipn method, Lassa4]. To
learn the weights of Lasso, one needs a training set congpsimilar anddissimilar
images. A typical training set provided for the annotatiasktdoes not contain such
information directly. We show that one can train Lasso byting a labeled set from
the annotation training data. Even such a weakly trainedd asitperforms the state-
of-the-art methods in most cases. Surprisingly, howeheraveraged distance performs
better or similar to the noisy Lasso.

The main contributions of our work are that it (1) introdueesimple method to
perform image annotation by treating it as a retrieval pgobin order to create a new
baseline against which annotation algorithms can be medsand (2) provides ex-
haustive experimental comparisons of several stateefthannotation methods on
three different datasets. These include two standard Geteland IAPR TC-12) and
one web dataset containing ab@0K images.

2 Prior work

A large number of techniques have been proposed in the lasidde]l 5]. Mose of
these treat the problem as translation from image instatocksywords. The transla-
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tion paradigm is typically based on some model of image axictteoccurrenceslf].
For instance, the Translation Model df] [estimates the distribution of words associ-
ated with an image region of a particular kind, from a nité eépossible region ap-
pearances. This initial translation approach was subseiguextended to models that
ascertain associations indirectly, through latent t@sipéct/context space§{] . One
such model, the Correspondence Latent Dirichlet Alloca{i©orrLDA) [4] considers
associations through a latent topic space in a generataalged model. Despite its ap-
pealing structure, this class of models remains sensiitlegt choice of the topic model,
initial parameters, prior image segmentation, and infeeeand learning algorithms to
handle the typically intractable exact analysis.

Cross Media Relevance Models (CMRMjJ[Continuous Relevance Model (CRM)][
and Multiple Bernoulli Relevance Model (MBRMY] assume different, nonparametric
density representations of the joint word-image spaceahtiqular, MBRM achieves
robust annotation performance using simple image and ¢égxesentations: a mixture
density model of image appearance that relies on regionaatet from a regular grid,
thus avoiding potentially noisy segmentation, and theitghib naturally incorporate
complex word annotations using multiple Bernoulli modélswever, the complexity
of the kernel density representations may hinder MBRM'sligppility to large data
sets. Alternative approaches based on graph representdtjoint queries {1], and
cross-language LSIL}], offer means for linking the word-image occurrences, Iilit s
do not perform as well as the non-parametric models.

Recent research efforts have focused on extensions ofathgldtion paradigm that
exploit additional structure in both visual and textual dons. For instance, 1[7] uti-
lizes a coherent language model, eliminating independeeitvecen keywords. Hierar-
chical annotations inl[g] aim not only to identify speci ¢ objects in an image, butals
explicitly incorporate concept ontologies, such as keytdmaonitor of ce indoors.
The added complexity, however, makes the models applicatieto limited settings
with small-size dictionaries. To address this probleft] fleveloped a real-time ALIPR
image search engifevhich uses multiresolution 2D Hidden Markov Models to model
concepts determined by a training set. While this methodessfully infers higher level
semantic concepts based on global features, identi caiffamore speci ¢ categories
and objects remains a challenge. In an alternative appy¢zctelies on a hierarchi-
cal mixture representation of keyword classes, leadingeartethod that demonstrates
both computational ef ciency and state-of-the-art pemfience on several complex an-
notation tasks. However, the annotation problem is treasea set of one-vs-all binary
classi cation problems, potentially failing to bene t fro competition among models
during the learning stage.

Even though promising results have been reported by maristaated annotation
techniques, they commonly lack a comparison with simplesli@s measures across
diverse image datasets. In the absence of such a compatishard to understand
the gains and justify the need for complex models and trgipmocesses as required by
most of the current annotation methods. Our work addrebsessue by suggesting a
family of baseline measures, some of which surprisinglyetform the current state-
of-the-art in image annotation on several large real-wddthsets.

8 http://alipr.com
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3 Baseline Methods

We propose a family of baseline methods for image annoté#tiainare built on the hy-
pothesis that images similar in appearance are likely toeskeywords. To this end we
present image annotation as a process of transferring kegvimm nearest neighbors.
The neighborhood structure is constructed using imagaifestresulting in a rudimen-
tary baseline model. We address the necessary steps fdruiimgy this model in the
following subsections.

3.1 Features and Distances

Color and texture are recognized as two of the most impoitandevel visual cues
for image representation. The most common color descHatr based on coarse his-
tograms. These color features are frequently utilizediwithage matching and index-
ing schemes, primarily due to their effectiveness and efasenaputation. Texture is an-
other common low-level visual feature for image repres@nalmage texture is most
frequently captured with Wavelet features. In particulzatbor and Haar wavelets have
been shown to be quite effective in creating sparse yetidigtative image features.
To limit the in uence and biases of individual features, dadnaximize the amount of
information extracted, we choose to employ a number of @napld easy to compute
features.

Color We generate features from images in three different colaceg RGB, HSV,
and LAB. While RGB is the default color space for image capmwand display, both
HSV and LAB isolate important appearance characteristitcaptured by RGB. For
example, the HSV (Hue, Saturation, and Value) colorspacedss the amount of light
illuminating a color in the Value channel, and the Luminacbannel of LAB is in-
tended to re ect the human perception of brightness. The RE&B/, and LAB features
are 16-bin-per-channel histograms in their respectiversphaces. To determine the cor-
responding distance measures, we evaluated four measurenanly used for his-
tograms and distribution( -divergence, ? statistic,L ;-distance, andl ,-distance)
on the human-labeled training data from the Corel5K datasgberformed the best for
RGB and HSV, whileKL -divergence was found suitable for LAB distances. Through-
out the remainder of the paper, RGB and HSV distances impli ttmeasure, and the
LAB distance implieKL -divergence.

Texture We represent the texture with Gabor and Haar Wavelets. Eaape is ltered
with Gabor wavelets at three scales and four orientatiormmFeach of the twelve
response images, a histogram over the response magnisuolgtt.i The concatenation
of these twelve histograms is a feature vector we refer t&abor'. The second feature
captures the quantized Gabor phase. The phase angle atspohse pixel is averaged
overl6 16 blocks in each of the twelve Gabor response images. These phese
angles are quantized to 3 bits (eight values), and are cemattd into a feature vector
(referred to “GaborQ").
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Haar Wavelet responses are generated by block-convoloftiam image with Haar
Iters at three different orientations (horizontal, diagd, and vertical). Responses at
different scales were obtained by performing the convotutivith a suitably subsam-
pled image. After rescaling an image to 64x64 pixels, a Haature is generated by
concatenating the Haar response magnitudes (this featue¢erred to as "Haar'). As
with the Gabor features, we also consider a quantized versibere the sign of the
Haar responses are quantized to three values (either 0-1,ifothe response is zero,
positive, or negative, respectively). Throughoutthe tkig quantized feature is referred
to as "HaarQ.' We usk distance for all the texture features.

3.2 Combining distances

Joint Equal Contribution (JEC) . If labeled training data is unavailable, or if the labels
are extremely noisy, the simplest possible way to combistadces from different de-
scriptors is to allow each individual distance to contrébatjually to the total combined
cost or distance (this will require individual scaling oéttistances). Ldt; be thei-th
image, and say we have extractddfeaturesk; = fl;:::;fN. Let us de ned'(‘i:j )

as the distance betweéfi andfjk. We would like to combine the individual distances
d"i;j );k = 1;:::;N to provide a comprehensive distance between imagendl; .
Since each feature contributes equally towards the imagjardie, we rst need to nd
the appropriate scaling terms for each feature. Thesengcims can be determined
easily if the features are normalized in some way (e.g. featthat have unit norm),
but in practice this is not always the case. We can obtaimestis of the scaling terms
by examining the lower and upper bounds on the feature adissacomputed on some
training set. We scale the distances for each feature satkty are bounded by 0 and

1. If we denoted‘(‘i;j ) as the scaled distance, we can de ne the comprehensive image
N

distance between imagés and|; asP k=1 % We refer to this distance as Joint
Equal Contribution (JEC).

L ;-Penalized Logistic Regression (Lassolf]). Another approach to combining fea-
ture distances would be to identify those features that anemelevant for capturing
image similarity. This is the well-known problem of featiwelection. Since we are us-
ing different color (and texture) features that are not cletey independent, it is an
obvious question to ask: Which of these color (or texturajuees are redundant? Lo-
gistic regression with. ; penalty, also known as Lass®/], provides a simple way to
answer this question.

The main challenge in applying this simple learning schemienage annotation
lies in creating a training set containing pairs of similadalissimilar images. Typical
training datasets for image annotation contain images andc#ated text keywords,
and there is no direct notion of similarity between imagashis setting, we consider
any pair of images that share enough keywords to be a positiveng example, and
any pair with no keywords in common to be a negative exampkarty, the quality
of such a training set will depend on the number of keywordsiired to match before
an image pair can be called “similar.' In this work, we obéairiraining samples from
the designated training set of the Corel5K benchmark (segd®el). Images pairs that
had at least four common keywords were treated as positimplea for training, and
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those with no common keywords were used as negative santpaés(g samples are
illustrated in Fig.1).

Combining basic distances using JEC or Lasso gives us aeiwgy to compute
distances between images. Using such composite distaoresan nd theK nearest
neighbors of an image. In the next section we present a lsdesfer algorithm that
assigns keywords to any test image given its nearest neighbo

3.3 Label transfer

We propose a simple method to transideeywords to a query imadefrom the query's

bors, ordered by increasing distance (iis the most similar image). The number of
keywords associated with is denoted byjl;j. Following are the steps of our greedy
label transfer algorithm.

1. Rank the keywords df; according to their frequency in the training set.

2. Of thejl1j keywords ofl 1, transfer then highest ranking keywords to query If
jl1j <n, proceed to step 3.

3. Rank the keywords of neighbokg throughlk according to two factors: 1) co-
occurrence in the training set with the keywords transtemestep 2, and 2) local
frequency (i.e. how often they appear as keywords of imagdwoughl ¢ ). Select
the highestranking | I1j keywords to transfer to.

This transfer algorithm is somewhat different from othewiobs choices. One can
imagine simpler algorithms where keywords are selectedltameously from the en-
tire neighborhood (i.e. all the neighbors are treated dgyal where the neighbors are
weighted according to their distance from the test imagevéver, an initial evalua-
tion showed that these simple approaches underperfornmipanson to our two-stage
transfer algorithm (see Sectidin

In summary, our baseline annotation methods are comprised¢@mposite image
distance measure (JEC or Lasso) for nearest neighbor iggrdambined with our label
transfer algorithm. Is there any hope to achieve reasonabldts for image annota-
tion using such simplistic methods? To answer this questi@nevaluate our baseline
methods on three different datasets as described in tlenfioly section.

4 Experiments and Discussion

Our experiments examined the performance and behavioegfrbposed baselines for
image annotation on three collections of images.

— Corel5K [3] has become a de-facto evaluation benchmark in the imagetation
community. The set contains 5000 images collected fromatgel Corel CD set,
split into 4500 training and 500 test examples. Each imagaiotated with an
average of 3.5 keywords, and the dictionary contains 26@svthrat appear in both
the train and test set.
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Positive

Negative

Fig. 1. Pairs of images that were used as positive training exanpgsrow) and negative
training examples (bottom row) for Lasso. In positive pé#iksimages shared at least 4 keywords,
while in negative pairs they shared none.

— IAPR TC-12is a collection of 19,805 images of natural scehatinclude different
sports and actions, photographs of people, animals, claesiscapes and many
other aspects of contemporary fiféJnlike other similar databases, images in IAPR
TC-12 are accompanied by free- owing text captions. We hewrcentrated on
the English captions and extracted keywords (nouns) ubmgdteeTagger part-of-
speech taggeér This resulted in a dictionary size of 291 and an average T 4.
keywords per image. We used 17825 training images and 198@asfor testing.
Samples from IAPR are depicted in Fig.

<TITLE>At the Sun Gate«/TITLE
<DESCRIFTION 3 tourist group is squatting at a laokaut with 2
wooxded siope and a bald mountain in the background; </DESCRIPTION=

<LOCATION>Aguas Calientss, Peru</LOCATION>
<DATE=15 July 2003 </DATE >
<IMAGE=images/D8/3000 jpa </IMAGE=

</DOC>

Fig. 2. Sample IAPR data. On the left are 25 randomly selected imfagesthe dataset. On the
right is a single image and its associated annotation. N&traaion from the caption provides
keywords for annotation.

4 http://eureka.vu.edu.au/ grubinger/IAPR/TC12  _Benchmark.html
5 http://www.ims.uni-stuttgart.de/projekte/corplex/Tr eeTagger
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Fig. 3. Sample ESP data. On the left are 25 randomly selected imayestlie dataset, while
on the right are two images and their associated keywordss& images are quite different in
appearance and content, but share many of the same keywords.

— ESP Game consists of a set of 21844 images collected in the&@BBorative im-
age labeling task/0]®. The ESP game is a two-player image labeling game. Both
players are asked to assign labels to the same image witheultene t of com-
munication, and only labels they assign in common are aedepts an image is
shown to more teams, a list of taboo words is accumulaterk@sing the dif culty
for future players and resulting in a challenging dataseafmotation. The set we
obtained contains a wide variety of images of natural scenes, marerseenes,
and objects, annotated by 269 keywords, and split into 1958 and 2185 test
images. Each image is associated with up to 15 keywords, maderage 4.6 key-
words. Some examples are shown in Hg.

Forthe IAPR TC-12 and ESP datasets, we have made publicdtierdiries, as well
as the training and testing image set partitions, used irevaluations. On all three
annotation datasets, we evaluated the performance of aemfibaseline methods.
For comparisons on Corel5K, we summarized published etiseveral approaches,
including the most popular topic model (i.e. CorrLDA]), as well as MBRM pP] and
SML [2], which have shown state-of-the-art performance on Cérelin the IAPR TC-
12 and ESP datasets, where no published results of annotagthods are available,
we compared the performance of our baseline methods agdBRM [ 9] which was
relatively easier to implement and has comparable perfocato SML P]°.

When evaluating performance of baseline methods, we focosehree different
settings: 1) performance of individual distance meas@gserformance of the relevant
weighted distance model (Lasso), and 3) performance ofdime Equal Contribution
(JEC) model, where all features contributed equally to foba distance measure. In
the Corel setting, we also examined the impact of leavingeoe distance measure at
a time in the JEC model.

Performance of all models was evaluated using ve meastokswing the method-
ology used in £,9]. We report mean precision (P%) and recall (R%) rates obthby
different models, as well as the number of total keywordalted (N*). Precision and

5 http://www.espgame.org

" http://hunch.net/ i/

8 http://www.cis.upenn.edu/ makadia/annotation/
9 No implementation of SMLJ] was publicly available.
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Table 1. Results on three datasets for different annotation alymst Corel5K contains 5000
images and 260 keywords, IAPR-TC12 has 19,805 images andké&@fords, and ESP has
21,844 images and 268 keywords. P% and R% denote the measigmend the mean recall, re-
spectively, over all keywords in percentage points. denotes the number of recalled keywords.
rP%, and rP % denote the mean retrieval precision for all keywords aechtlean retrieval pre-
cision for recalled keywords only, respectively. Note tteet proposed simple baseline technique
(JEC) outperforms state-of-the-art techniques in allsitta CorrLDA and JEC correspond to
models built on a reduced 168 keyword dictionary, as'in [

(a) Corel5K (b) IAPR-TC12 & ESP
[ Method [Pu[RuN [rPu[rP" % IAPR-TC12 ESP
CRM[/] |16/19]107 - | - Method Pu|Re[N" [rPw] rP" se[| Pu| Ree| N™ [ 1P| rP" o
InfNet [11] [17]24[112 - | - | [MBRM]24]23[229 24] 30 [[18]19[209 18] 24 ]
NPDE [21] |18)21]114 - | - RGB [24]24]239 23] 29 [[20[22]219 19] 25

MBRM [9] |24]25]|122 30| 35 HSV |20[20|219 18] 24 |[18/20[212 17| 21
SML [?] ]23/29|13731] 49 LAB [24]25|237 23] 29 [[20[22[221 20| 24
CorrLDA[4]'[ 6] 9[59]27] 37 Haar [20[11]176 21| 32 |[2118|209 21| 27
RGB [20[23[110 24 49 | |HaarQ[19/16|189 18| 28 |[18[19[207 18| 24
HSV  |18/21|110 23] 45 | | Gabor|15[15|183 14| 22 ||15/16|186 15| 21
LAB  |20/25(118 25| 47 | |GaborQ 8] 9137 9 | 18 ||14{15/193 13] 19

Haar |6]8)53]12| 33 Lasso|28[29[246 26 31 [[21]24]224 21] 25

HaarQ |[11)13|87|16| 35 JEC (2829|250 27| 31 ||22|25/224 21| 25
Gabor |[8(10|72|11| 31

GaborQ |5|6|52| 7| 26
Lasso |24(29(127 30| 51
JEC 2732|139 33| 52
JEC 32/40(113 35| 48

recall are de ned in the standard way: the annotation piecifor a keyword is de ned
as the number of images assigned the keyword correctlyetiMiy the total number of
images predicted to have the keyword. The annotation recd® ned as the number
of images assigned the keyword correctly, divided by the lmemof images assigned
the keyword in the ground-truth annotation. Similar to otfugproaches, we assign top
5 keywords to each image using label transfer. In additianreport two retrieval per-
formance measures: retrieval precision (rP%) and retfriatas (rP %) for recalled
keywords P]. Retrieval scores measure the agreement in annotationagtop 10
images most similar to a query.

4.1 Corel

The results of experiments on the Corel set are summariZeahie1(a) The top por-
tion of the table displays published results of a numberaridgard and top-performing
methods that approach the annotation problem from diftgrerspectives, using differ-
entimage representations: CRN,[InfNet[11], NPDE [21], MBRM [ 9], SML [2], and
CorrLDA [4]. The middle part of the table shows results of using onlydiséance mea-
sures induced by individual features. Finally, the bottomg list results of the baseline
methods that rely on combinations of distances from mutiphtures. Individual fea-
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ture distances show a wide spread in performance scorggngafrom high-scoring
LAB and RGB color measures to the potentially less effeativantized Gabor phase
and GaborQ. It is interesting to note that some of the bestiohehl measures perform
on par or better than several more complex published metihai® surprising, how-
ever, is that the measures which arise from combinationsddfidual distances (Lasso
and JEC) perform signi cantly better than most other pui#id methods. In particular,
JEC, which emphasizes equal contribution of all the feadis®mnces, shows domina-
tionin all ve performance measures. One reason for thigpkional performance may
be due to the use of a wide spectrum of different featuredriboting along different
“orthogonal” factors. This also points to the well-undemst inadequacies and limita-
tions of most image representation models that rely on iddal or small subsets of
features. Figurd shows some images annotated using the JEC baseline. Addiyio
we show some retrieval examples using the JEC baseline ibFig

It should be noted that most top-performing methods indiigre rely on instance-
based representations (such as MBRM, CRM, InfNet, and NRitgh are closely
related to our baseline approach. While generative paraamabdels such as Cor-
rLDA [ 4] have signi cant modeling appeal due to the interpretéypitf the learned
models, they fail to stack up to the nonparametric represemis on this dif cult task.
Tablel con rms that the gap between the two paradigms remains large

sky, jet, | grass, rocks water, tree, | bear, snow,

Predicted sun, water, sea,
keywords plane, smoke, sand, valley, waves. birds grass, deer, | wood, deer,
formation canyon ’ white-tailed | white-tailed
Human sky, jet, rocks,sand,| sun, water, tree, forest, | tree, snow,

annotationplane, smokgvalley, canyon clouds, birds|deer, white-tailefl wood, fox

Fig. 4. Predicted keywords versus the human annotations for a gagmdflimages in
the Corel5K dataset (using all 260 keywords).

Another interesting result is revealed by comparing JE@loees with Lasso. One
may expect that the selection ability of Lasso should rasulicreased levels of per-
formance compared to the equal contributions in JEC. Howévis is not the case, in
part, because of the different requirements posed by thentaaels. Lasso relies on
the existence of the sets of positive (similar) and negdtiigsimilar) pairs of images,
while JEC is a learning-free model. Since the Lasso traisatgvas created arti cially
from the annotation training set, the effect of noisy laheisoubtedly re ects on the
model's performance.

We further contrast the role of individual features and exentheir contribution
to the combined baseline models in experiments summanz&dbles2(a) and2(b).
Performance of individual features shown in Tablaay tempt one to leave out the low-
performing features, such as the texture-based Haar andr@abcriptors. However,
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Fig.5. Retrieval results on Corel5K. Each row displays the rstesevmages retrieved for a
query. From top to bottom, the queries asky, street, mare, train

Table 2. (a) All-but-one testing of the JEC scheme. In each row, ackfft feature was left out

of JEC. ltis clear from these results that all seven featnalse some positive contribution to the
combined distances. The last row shows the JEC resultséduthset of features for reference.
(b) Texture vs. color results for 260 keywords in Corel5K eTiexture feature is a weighted
average of all four texture features, and the color feamigeweighted average of all three color
features. The third row shows the full JEC results with adl txture and color features.

(a) All-but-one (b) Texture & Color
Feature oo | poaN* |rPodrp 0| | F e\ pogd Ro6IN* [rPodrP* %
held ou Class

RGB |27]31|134 32| 53 Texture | 16| 1910 24 | 45
HSV |27|31|137 32| 52 Color |23|26|129 27| 51
LAB [27|32|134 33| 53 | |Texture +
Haar | 26| 31|133 32| 54 Color 27| 32/139 33| 52
HaarQ| 26| 30130 31| 53
Gabor| 25| 291|128 30| 53
GaborQ 26| 31134 33| 53
None | 27| 321|139 33| 52

Table 2(a) suggests that this is not a wise thing to do. Correlated feaftsuch as
HSV and LAB may contribute little jointly and could poteritjabe left out. While
the texture-based descriptors lead to individually irfieaéinnotation performance, they
complement the color features. A similar conclusion maydaehed when considering
joint performance of all color and all texture features,idega in Table2(b): either of
the two groups alone results in performance inferior to #€ dombined model.
Finally, as mentioned earlier, the greedy label transfgorthm utilized in JEC is
not immediately obvious. One straightforward alternaisvi® transfer all keywords si-
multaneously from the entire neighborhood while optionalkighting the neighbors
according to their distance from the test image. Additiphaly evaluating the labels
transferred from a single neighbor, we can estimate theagegiquality” of neighbors
in isolation. These results are summarized in Ta&blehe simple alternative of selecting
all keywords simultaneously from the entire neighborhaeith( and without weighting
the neighbors) underperforms our proposed label trankferithm. Regarding individ-
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ual neighbors, the difference in performance between thetwo neighbors is greater
than the difference between the second and fth neighbois ©hservation led us to
treat the rst neighbor specially.

Table 3. Evaluation of alternative label transfer schemes on Cérelin the left (a), we assess
two simple methodsAll neighbors equakimultaneously selects keywords from all 5-nearest-
neighbors. Keywords are ranked by their frequency in thghimrhood All neighbors weighted
applies an additional weighting relative to the distancéhefneighbor from the test image. On
the right (b), we evaluate the individual neighbors in isola(i.e. all keywords transferred from
a single neighbor).

(a) Alternative label transfer methods (b) Single-neighbor performance

PY%R%|[N" [rPY%rP" % 20 — T
n [JRecall
All neighbors 231241114 39| 56 25
equal
All neighbors 1,51 3 |13¢ 32| 50
weighted
Proposed methg
(Section3.3) %7 321|139 33| 52
* Neigibor °

4.2 1APRTC-12

The Corel set has served as a common evaluation platformdaymnnotation meth-
ods. Nevertheless, the set if often criticized for its biag do insuf ciently varying
appearance and contrived annotations. We therefore neepstiormance of our base-
line models, JEC and Lasso, as well as that of individualfeatlistances on a more
challenging IAPR set. Tablg(b) depicts a summary of performance measures of dif-
ferent methods on this set. Figudshow some examples of annotated images using the
JEC baseline.

. clothes, jean,| edge, front, |court, playern, brick, grave, | desert, grass,
Predicted o . .
man, shop | glacier, life, |sky, stadiummummy, stong, mountain, sky
keywords . .
square tourist tennis wall slope
. glacier, jacket,
clothes, jean,| . court, player, , . desert, gre
Human ') 1. life, rock, P .y " brick, grave, .,g y
. Iman, pavement sky, stadium, mountain, roun
annotatio sky, water, . " mummy, wall
shop, square woman man, tennig stone

Fig. 6. Predicted keywords versus human annotations for samplgeisna the IAPR dataset.
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Trends similar to those observed on the Corel set carry ovibiet|APR setting: the
JEC baseline leverages multiple, potentially “orthogbfeadtors, to retrieve neighbor-
ing images most relevant for predicting reasonable aniootaf queries. The baseline
also shows performance superior to that of the MBRM. Whilercfeatures contribute
consistently more than the texture descriptors, we obsemweoved individual perfor-
mance of Gabor and Haar measures. This can be due to the geedenlarger number
of images exhibiting textured patterns in IAPR comparedh® Corel set. It is also
interesting to note that selection of relevant featuresgikasso exhibits performance
on par with JEC in two out of the ve measures. This is a potrtidicator that the
selection criterion for determining the Lasso trainingreely be more re ective of the
true image similarities in IAPR than in Corel.

4.3 ESP

ESP game set has arisen from an experiment in collaboratiseah computing—
annotation of images in this case]]. The set contains a wide variety of images and
annotations, of which we used a small part (about 20K imafgeg)ur evaluations. An
advantage of this set, compared to Corel and IAPR, lies ifietttehat its human anno-
tation elicits a collective semantic agreement among ators, leading to annotations
with less individual bias. Tabl&(b) depicts results of MBRM and our baseline methods
on this set. Again, our baseline JEC is more re ective of thmantic categories. How-

bikini, girl,| bear, black,| band, light,| man, old,
grass, haif,brown, nose}, man, music| picture, red,
woman white play wall
animal, bear band, light,| black, man,|cloud, gray, green
black, brown, man, music| old, red, |mountain, picturd,
head, nose| red, wheel sit rock, sky, stone

Predicted
keywords

cloud, grass
green, hill, red

Human | bed, girl
annotatiorr woman

Fig. 7. Predicted keywords versus human annotations for sampigeisia the ESP dataset.

ever, more so than in other sets, the texture features playi@atrole in the process.
For instance, the Haar and Gabor distances fall not far dehicolor features.

4.4 Discussion

It is widely acknowledged that image annotation is an opehvaany dif cult problem

in computer vision. To be able to solve it at the human levethpps one needs to
rst solve the problem of scene understanding. Howevemtifigng objects, events,

and activities in a scene is still a topic of intense reseavith limited success. The
goal of our work was not to develop a new annotation methoddogteate a family

of very simple and intuitive baseline methods for the antimtatask. Experiments on
all three datasets reaf rm the enormous importance of dmrgig multiple sources of
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evidence to bridge the gap between the pixel represensatidmages and the semantic
meanings. Itis clear that a simple combination of basiadist measures de ned over
commonly used image features can effectively serve as dit@seethod to provide a
solid test-bed for developing future annotation methods.
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