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Abstract: We conductedpsychophysicalexperimentsto gain
insight into the semantic categories that guide the human
perceptionof imagesimilarity. We andyzedthe perceptualdata
using multidimensional scaling (MDS) and hierarchical
clustering (HC). Basedon this analysiswe established¢he most
important semantic categories in the perception of image
similarity. Wethenusedthesedatato discoverlow-levelfeatures
that bestdescribeeach category.Finally, we devisedan image
similarity metric that embodiesour findings and modelsthe
behaviorof subjectsin categorizingimagesand measuringtheir
similarity. Our results can be usedfor enhancementf current
imagevideo retrieval methods, better organization of large
image databases,developmentof more intuitive navigation
schemes, browsing methods and user interfaces.

1. INTRODUCTION

High-level semanticconceptsplay a largerole in the way
we perceive images and measure their similarity.
Unfortunately, these conceptsare not directly relatedto
image attributes. Although there are many sophisticated
algorithmsto describecolor, shapeand texture features,
thesealgorithmsdo not adequatelynodelimagesemantics
and therefore have many limitations when dealing with
broad content image databases.Yet, due to their
computationakfficiency the low-level visual attributesare
widely usedfor imageretrieval, leaving the userinterface
of contentbasedretrieval (CBR) systemwith a task of
bridging the gap betweenthe low-level nature of these
primitives andthe high-level semanticpeopleuseto judge
imagesimilarity. In this work we take anotherapproachn
overcomingthis gap and posethe following question:“ls
it possibleto find correlations betweenthe high-level
semanticsand low-level descriptors and use them to
capture the semantic meaning of an image?”

1.1 Previouswork and our objectives

As a startingpoint in our work we usedthe datafrom our
earlier experiments[1], in which subjects judged the
similarity of 97 photographicimages. The experiments
producedsimilarity matricesthat were analyzedwith the
multidimensional scaling algorithms The analysis
discoveredtwo importantdimensionsin humansimilarity
perception:natural vs. manmade and humars vs. non
humars. This study also revealed that images were
primarily grouped accordingto broadsemanticcategories.
The objective of our work was to continue from these
findings, enhanceour understandingof these perceptual
categoriesand devise an adequatesimilarity model. We
performed several additional subjective experimentsto
measurethe similarity of 196 photographicimages.To
analyze the experimentaldat we used MDS and HC.
Theseexperimentshelpedus discoverthe mostimportant

categoriesin humansimilarity perception,their semantic
relevance, organization and relationships. We then
describedthe obtained semantic categoriesin terms of
imageprocessingperationsandcalculableimagefeatures.
For each categorywe establisheda feature combination
that capturesits semanticsand discriminatesit from the
other categories.Finally, we deviseda similarity metric
that embodies our findings, categorizesand retrieves
images based on their semantics.

2. EXPERIMENTAL SETUP AND DATA ANALYSIS
2.1 Selection of stimuli and subjects

We used 196 digitized photographicimagesdivided into
two sets.Thefirst set(Setl) containedd7 imagesfrom the
“PhotoDisk” cdlection. Theseimageswere usedin the
previousstudy [1] and the similarity datafrom that study
was availablefor further analysis.The secondset (Set2)
contained99 imagesselectedaccordingto the following
criteria. As in the previousexperimentwe included a wide
rangeof topics:people,nature buildings,texturesobjects,
indoor scenesanimals, etc. For eachtopic we explicitly
selectedwide angle,normal and closeup images,in both
landscapeand portrait modes. We selectedimagesthat
complementedthe first set and also included some
additionaltopics Finally, we iteratedour selectionso that
the setincludeda wide distributionof brightnesdevelsand
colors

Seventeersubjectgparticipatedn the study.Their ages
ranged from 24 to 65. All the subjectshad full color

perception. The subjects were not familiar with the images.

2.2 Selection of preliminary semantic categories

To determinethe setof preliminarysemanticcategoriesve

usedthe subjectivedatafrom [1] andperformedthe HCA.

We then split the similarity data in several ways,
eliminated some of the stimuli from the data matrix and
reappliedthe HCA for the remainingstimuli. The clusters
that remainedstable for various solutionswere included
into a setof preliminary categorie§PC) to be usedin our
study. Imagesthat did not cluster consistentlyin the
different HCA’s werdreatedasseparatelugers.

2.3 Experiment 1

For the first experimentwe printed thumbnailsof the 97
imagesfrom Set 1 and organizedthem on a tabletopby
category,with a clear spacebetweenthe categoriesWe
also printed thumbnailsof the imagesfrom Set2. Twelve
subjectsparticipatedin this experiment.They were asked
to assigneachimage from the new set into one of the
existing categoriesaccordingto their perceivedsimilarity.



Subjectswere also askedto organizeimagesin such a
fashionthat the mostsimilar imageswere neareachother.
There were no instructionsconcerningthe characteristics
on which the similarity judgmentswere to be made.The
presentationorder was random and different for each
subject.The subjectswverenot allowedto changetheinitial
categories- theseimageswere glued to the tabletopand
couldnot be moved.However,subjectsvereallowedto do
whateverthey liked with the new images:to changetheir
assignmentgduring the experiment,keep imageson the
side and decidelater, or starttheir own categoriesAt the
endof experimentthe subjectavereaskedto explainsome
of their decisions. These explanations,as well as the
relative placemenwithin the categorieswereusedlater as
an aid in defining the final set of categries and their
semantics

2.4 Data analysis

The first stepin the data analysiswas to computethe
similarity matrix Ag, for imagesfrom Set 2. The matrix
entry Ag (i, j) representa numberof timesimages andj
occurre%m the samecategory.This matrix wasusedasan
input to the MDS. The next step was to compute the
similarity matrix Ag, pc for both the imagesfrom Set 2
and preliminary categoriesThe matrix entry As, pc(i, j)
is computed in the following way:
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where: A" is numberof timesimagesi andj occurredin
the samecategory,A" is numberof timesimagei occurred
in the categoryj, and d(i, j) is the Euclideandistance
betweenthe centersof the PC normalizedto occupythe
samerangeof valuesas similarity measuresA’ and A" .
This matrix wasusedasaninput to the HCA to determine
the final setof categorieguiding the perceptionof image
similarity. Finally, we transformedthe similarity datainto
the confusionmatrix CM, whereentry CM(c;, ¢;) represents
an averagenumberof imagesfrom the categoryc; placed
into the categoryc; (and vice versa).We comlined these
valueswith the commentsrom our subjectsandthe HCA

result to establish the connections between the categories.

2.5 Experiment 2

Having identified the final categories,we performed
anotherexperimentto investigatethe correlationbetween
the groupingsand semanticsimagesfrom eachcategory
were printed on one sheetof paper- the imageswere
randomlyorganizedon the top half of the sheetwhile the
bottompartwasleft blank. We organizedhesesheetsnto

a category notebook Ten subjects participatedin this

experiment5 of themtook partin Experimentl, while the
other5 subjectshavenot seentheimagesbeforeandwere
not familiar with our objectives.Eachsubjectswas given
the notebookand askedto nameeachcategoryandwrite a
brief descriptionand main propertiesof that category.We

usedthis experimentto establishif subjectsperceivethe

categories in a consistent manner. Furthermore, the

experimenthelpedus understandhe semanticsaand assign
the name to each category Finally, the written

explanationsvere crucial in determiningpictorial features
that best capturethe semanticsof eachcategory(Section
4).

3. EXPERIMENTAL RESULTS
3.1 Multidimensional scaling: Results

To testwhetherthe dimensiongdiscoveredn [1] appl to
our datawe performedMDS to the similarity matrix Ag, .
The resulting 2D configurationis shownin Fig. 1. The
stresswas 0.21. As it can be seen,thereis an excellent
correspondencédetweenour configuration and the one
reported in [1] with the same interpretation for the
dominant dimensions.

Fig. 1: 2D-MDS configuration, with thelimensionsietermined
in [1].

3.2 Hierarchical clustering: Results

Human observersuse many dimensionsin evaluating
imagesimilarity. To capturethe higherdimensionahature
of thesejudgmentsand to establishthe most important
semanticcategoriedn similarity perceptionwe performed
HC. We named these categories using the written
explanaibns of the subjects who participated in
Experiment2 andthe verbalcommentsf the subjectsvho
took partin the first experiment Thesecategoriesare 1)
Portraits, 2a) People outdoors, 2b) People indoors, 3)
Outdoor sceneswith pemle, 4) Crowds of people, 5)
Cityscges,6) Outdoorarchitecturey) “Technoscenes’d)
Objects indoors, 9) Objects outdoors, 10) Waterscapes
with  human influence, 11) Landscapeswith human
influence, 12) Waterscapes, 13) Landscapes with
mountairs, 14) Sky/Clouds,15) Winter/snow,16) Green
landscapes17) Landscapeswith fields and foliage, 18)
Plants,flowers,fruits andvegetables19) Animalsand20)
Textures, patterns and clesps.

3.3 Qualitative findings



We were surprised to discover that some semantic
descriptorswere semantically more important than the
others.For all subjects,'water”, “sky/clouds”, “snow” and
“mountains” emerged as very important cues, often

stronglyrelatedto eachother,determiningthe organization
and links betweenthe groups.The sameholdsfor images
of people.We discoveredthat presenceof peoplein the
imageprovidesmuchstrongercuethananythingelse,even
in the caseof a dominantnatural scene,object or man

madestructure We alsodiscoveredhat color composition
and color featuresplay an importantrole in comparing
naturalscenesOn the otherhand,color wasrarely usedin

judging the similarity of imageswith people, manmade
objectsor environmentswherespatialorganizationspatial
frequeny and shape features mainly influenced the

similarity judgments. We also found that presenceof

strongcolors (sud asbright red, yellow, lime green,pink,

purewhite, etc.) canbe usedto indicatemanmadeobjects
in the picturg especiallywhen combinedwith spatialand
regional featuresand overall color compositio. Image

segmentationinto regions of uniform color or texture
yields opposite results for natural and manmade
categories.Regionsin “manmadé imageshave straight
lines, straight boundaries, sharp edges, or geometic

shapesregionsin “natural imageshaverigid boundaries
andmore“random” edgedistributiors.

4. SEMANTICSAND PICTORIAL FEATURES

Our experiments confirmed that high-level semantic
conceptsare very importantin judging image similarity.
Although the semanticconceptsare usually not directly
relatedto the visualimageattributes(color, texture,shape,
etc.), theseattributesfrequently captureinformation about
the semanticmeaning[1]-[3]. Herce, we concentratedn
various low-level image features and examined their
correlationwith the semanticcategoriesTo do so,we used
the written descriptionsof the categoriesgatheredin the
secondexperimentand deviseda list of verbaldescriptors
pemle found crucial in distinguishingthe categoriesWe
then translatedthese descriptorsinto calculable image
processing features. For example, the phrase “image
consisting primarily of a human face, with little or no
backgroundscene” was usedto describethe “Portraits”
category In “image-processindanguage’this corresponds
to “dominant, large skin colored region”. In total, the
featurelist containedover 40 imageprocessingfeatures,
which we will call thecompletefeatureset(CFS).Someof
the features include “number of regions after
segmentation” (large, medium, small, one region),
“energy” (high, medium,low frequencies);central object”
(yes,no), “color composition”(bright, dark, saturatedgray
overtonesgetc.), “blobs of bright color” (yes, no), “spatial
distribution of dominant colors” (sparse,concentrated),
“geometry” (yes, no), “number of edges”(large, medium,
small, no edges),“straight lines’ (occasionaldefining an
object, no straight lines), etc.

To find whether these features correlate with the
semanticof eachcategorywe usedthe Opalvisualization
tool [4]. We comparedthe experimentaldata with the

imageprocessinglescriptorsfor a setof 100 images,and
for each categorydetermineda feature combinationthat
discriminates that category from other images. For
example,the following feature combinationcapturesthe
semantics of the “Cityscapes” category:

Skin = no Face = no
Silhouette = no Nature = no
Energy = hi Central object = no

Number of regions = large  Num. of edges = large
Region size = small/medium Details = yes
Color= brown/gray.

This processwas repeatedfor all twenty categoriesThe

detailed description of the feature sets can be found in [5].

We also discoveredthat not all the featureswithin a
certain caiegory are equally important. For example,all
“Cityscapes”have high spatial frequenciesmany details,
dominant brown/gray overtonesand segmentatioryields
large number of small regions. These featuresare thus
considered as required features for the “Cityscapes”
categoryIn addition manyimagesfrom this category(but
not all of them) havestraightlines or regionswith regular
geometry dueto manmadeobjectsin the scene Similarly,
althoughthe dominantcolors are on the brow/gray/dark
side, many imageshave blobs of saturatedcolors, again
due to manrmadeobjectsin the scene.We call thesethe
frequently occurring features for the “Citycsapes”
category.

5. CATEGORIZING AND RETRIEVING IMAGES
5.1 Themetric for semantic categorization

Having discovered the similarity categoriesand their
featuresour objectivewasto devisea similarity metricthat
embodiesour perceptuafindings and modelsthe behavior
of subjectsin categorizingimages.The metricis basedon
the following observationgrom our experimentsl) There
is a setof semanticcategoriepeopleusein judgingimage
similarity. 2) Each semantic category ¢, can be
discriminatedusingthe feature set(q):

f(ci) =[RR(ci)... RRy, (¢i) FO.(ci)...FOy; (c)] (2)

where:{RFj ()| j=1...,M;} areM; requiredfeaturesand
{FOj(g)]j=1...,N;} areN; frequentlyoccurringfeatures
for t#we category,.

To assigna semanticcategoryto the inputimagex, we
need a complete feature set CFYx). However, when
comparingx to the semanticcategoryc;, we will useonly a
subset f (x| ¢;) OCFYX) consistingof featuresthat capture
the semantics of categocy

f(xI6) =[RR(X]G) ... RRy (x]G) -
FOL(X]G) ... FOy, (x| &)].

The similarity betweenthe image x and category¢; is
computed via the follwing metric:



sim(x, ci) = Ni '\H T(RF; (x| ci), RFj (ci)) T
i =1
%T(Foj (x]ci), FO;j (ci))
=1

o (H)a=h

where: 1(a,B) = () azh ,

andB:{bi}i:1 |- 4)

This metric represent@& mathematicatescriptionof what
we found so far: to classify an image into a semantic
category all the requiredandat leastone of the frequently
occurring featuresfor that categoryhave to be present.
Since a requiredfeature RF(¢;) typically has more than
onevalue (i.e. | possiblevalues),the feature RF(x|¢) is
compared to each possible vahia (4).

We developeda Visual Basic applicationto test the
metrics ability to accurately categorizeimages For a
selectedimage the applicationloads a precomputedCFS
and determineshe semanticcategoryfor that image.We
tested the algorithm using 100 images from our
experimentalset and a manuallyfilled featuretable The
“perfect’ featuretable helpedus gain betterunderstanding
of the metric by eliminaing possiblemisclassificabnsdue
to featureextractioninaccuraciesThe categorizationwas
correctfor 93/100imagesfrom the set. Having validated
the metric, the next stepwill be to implementautomatic
feature extraction algorithms.

5.2 Imageretrieval based on semantic categorization

In additionto semanticcategorizationthe proposedmetric
can be usedto measuresimilarity betweentwo images,x
andy as:

M
sim(x, y | ci) :% [1T(RF; (x| ci), RF;(y | ¢i)) O
ij=1
N
le(Foj (x]ci), FOj (y|ci))
J:

sim(x, y) = max( sim(x,y |ci) ) .

However,notethat the similarity scoreis greaterthanzero
only if bothimagesbelongto the samecategory.To allow
comparisonacrossall categorieswe proposea less strict
metric. We first introducethe similarity betweenimages x
andy, assuminghatboth of thembelongto the categoryc;
as:

Mi
sim(x, y| ci) = 2M'1+N' |‘|1(1+ T(RF; (x| ci), RFj (y|ci)))
i i i=
N
m_|-|1(1+ 1(FO; (x| ci), FO; (y|ci))).
J:

Assumingthat xOci and yOcj, the overall similarity is
defined as:

sim(x, y) =[sim(x,y | ci) + sim(x, y | c])]/ 2 (5)

Fig. 2 showsone image retrieval examplebasedon this
metric.

- =10l x|

Mare similar
| Close |

Fig. 2: A retrieval examples based on the proposed metric.

5. CONCLUSIONS

The world of digital imagelibrariesis growingrapidly, and
moreandmorepeoplewill becomenterestedn searching,
navigatingand browsing image collections. In order for
this to be successfulywe needto provide a userinterface
that is natural and intuitive. In this paper, we have
presentd the resultsof perceptualexperimentsaimed at
understandinghe way in which usersjudge the similarity
of photographicimages. The experimentsdemonstrate
that image semanticsplay a large role in determining
image similarity. We haveusedour perceptualfindings
to develop semanticallypbased model of image similarity.
To do so, we first identified broad semanticcategoriesn
the perceptualdata which we then modeled in terms of
combinationsof low-level imagefeatures We havealso
developed a metric, based on these features, for
categorizing and searchimgage databases.

Our resultscanbe usedfor the enhancementf current
image/videoretrieval methods,for better organizationof
large image databasesand for the developmentof more
intuitive navigationschemesprowsing methodsand user
interfaces.
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