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Abstract manual ebrt and the annotations are rarelyfignt to
capture fully the content of an image&ontent-based
image retrieval systems [GR95] attempt tov&rcome

the problems of td-based searching by permitting a
user to specify image attrites in vays that are more
direct and natural than the English language-fikeci-
fications required by traditional databases. Omneepo

ful approach is to let the usexpress the query with
images rather thanawds (i.e., arimage-based query).

The system automatically compares the query image to
d those in the database and the most similar ones are
retrieved. This approach, which can be studied indepen-
dently from, and used in conjunction withxtidased
methods, is our general focus.

Our research addresses the specific problem of con-
tent-based retnal in lage facial image databases. In
particular we assume a userdies the query process
with only a mental image of a sought-aftacdé. Vé
refer to this as “the mug-shot search problerBince
the database is g, manually inspectingvery image
is impractical. In&ct, though the search space is finite
(so theoretically one might be able to spend the time
required to look through all of it), a sequential search
can still fail because the usermental image can
degrade or become confused as a result ofvivig a
large number ofdces [CJ91]. Hence, we seek a query
method that minimizes the number of image inspections
required to find theace (or to determine that it is
unlikely to be present in the database).

Mug-shot search is the classiample of the general
problem of searching a & facial image database
when starting out with only a mental image of the
sought-after dce. V¢ hare implemented a prototype
content-based image retr@ system that intgates
composite &ce creation methods with ack-recogni-
tion technique (Eigenfes) so that a user can both cre-
ate faces and search for them automatically in a
database.

Although the Eigerdce method has been studie
extensiely for its ability to performdce identification
tasks (in which the input to the system is an on-line
facial image to identify), little research has been done to
determine hw effective it is when applied to the mug
shot search problem (in which there is no on-line input
image at the outset, and in which the task is similarity
retrieval rather thandce-recognition). \th our proto-
type system, we e conducted a pilot user study that
examines the usefulness of Eigaoés applied to this
problem. The study shas that the Eigesice method,
though helpful, is an imperfect model of human percep-
tion of similarity betweendces. Using a nel evalua-
tion methodologywe hae made progress at identifying
specific search strajes that, gien an imperfect corre-
lation between the system and human similarity metrics,
use whateer correlation doesxest to the best adn-
tage. The study also indicates that the useaoiaf
composites as query images is amhageous compared
to restricting users to database images for their queries.

Keywords: “Content-Based Image Retad” “Face
Recognitiort, “Eigenfaces, “Identikit”

2 Background

The Photobook content-based image reslisystem
[PPS94] pruides one solution to this problem. Photo-
1 Introduction book uses Eigentes [TP91, KS90], aate identifica-

A tremendous amount of on-line image data is cur- tion technique based on principal component analysis

rently becoming ‘ailable, lut finding a particular _(PCA)_' Using PCA, images consisting of N by Ne_pix
image in a ery lage database of images is still fielif intensity \alues are compressed from the high dimen-
cult problem. " Images can be annotated with deseeipti  Sional space of the R pixel values to the much veer
text and retriged with traditional tet-based query dimensional space of a small set of basistars called

methods, bt creating annotations requires substantial €genfaces. Each &ce in the database can be roughly
reconstructed as a weighted sum of the emymed. The
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weights are used to determine the distance (e.g., euclidehallenging and time-consuming task and dwd not

ean) between images. Distance from a query image isnake sense to attempt this if suitable databased are
used to specify a sort order on the databaggically, handy

the user selects an initial query image from a small set Systems for producing compositestthes for crimi-

of images selected randomly from the database. Thenal identification, such as Compu&&h or Identikit,
system sorts the database rektio the query and pre- enable a user to createcfal images easiljut they typ-

sents the images to the user for perusal in this sortedcally do not address the database search problem. One
order The user then mak a ne selection, at which  such composite skch system is &ePrints [CJ91],

point the database is resorted refatio the ne selec- which uses an interaeé genetic algorithm [Gol89] to
tion. This process repeats until the user finds theallow a user to create a composite by rating randomly
sought-after image (pfailing to find it, tires and gé generated “populations” of proposed Identikitelifaces
up). for their similarity to a perpetrator FacePrints’ design-

One problem with this intete is that the search ers claim that their approach is moréeefive than tra-
method it emplgs is essentially a hill-climbing ditional systems that require a user to specifyviddal
approach. As such, it is prone to problems with local face parts because it uses a recognition-based rather
maxima, and the user can wind ygling through the  than an isolated-feature-recall stgpteand is thus bet-
same set ofdtes without making grfurther progress.  ter suited to the ay people remembeades.

It is also not clear hw well hill-climbing works in con- Phantomas, a commerciallyvadlable automated
junction with a similarity metric such as Eiganés that  facial database search system out of Geyn@aims to

is only roughly correlated with the useperceptions of  work well with composite sitches as well as photo-
similarity (causing the user to sometimes mistdk graphs as input. Heever, it does not intgrate the cre-
guide the search “de” the slope instead of “up”). ation and search components and thesdibed search
Another dravback to the Photobook intede is that the  times (11 minutes for 10,000 images on a Pentium-90
users query is limited to images found readily in the PC [Web98]) do not yet sound practical for intereeti
database. This may be especially problematic if thesearch. A study by Hancock, Bruce, and Burton
sought-after dce is ery different from the other data- [HBB97] compares the Elastic Graph Matching recog-
base images. An important @htage to the Photobook nition algorithm [IVBL93] used by Phantomas tovse
interaction method is that it uses the natural human abil-eral PCA-based approaches and suggests that Elastic
ity to recognize dces and thus enables specification of Graph Matching may be sombat better at capturing
the query without requiring the user to articulatev@ne  human perception of similarity betweecés.

be consciouslyware of what specificatial features are Recently several prototype systems that do attempt
being sought. to integrate compositeate creation techniques with

Generally face recognition systems use image-baseddatabase search\uebeen reported. The Spotlt system
queries to sok identification problems. The recogni- [BM96] uses eigenfeatures [MP94], applying PCA to
tion system typically tgins with a digital image of a pre-annotatedatial features, such as the hagyes,
face to be identified and compares it to images oivkno nose, and mouth.  The creation irded produces
individuals in the database. The mug-shot search probEigenface reconstructions from the eigenfeature
lem differs from the &ce recognition problem in that weights. The user manipulates sliders to select the
there is no on-line digital imagevailable at the outset desired weights for each feature while the system con-
to sene as the query Another important diérence is  tinuously responds to these selections by updating the
that a mug-shot search system must negriaces that  reconstructed “composite” image. Simultaneoutig
look similar to the queryaice, while adce-recognition  system also displays thosscés from the database that
systems$ task is to retriee other images of the same are most similar to the composite. The weights from an
face. It is not clear that a method thatrks well for existing databaseate may be incorporated into the
one problem will necessarilyatk just as well for the  composite. Another system, CAFIIR AVD94], uses
other a combination of feature-based PCA weightgidl

Photobook handles the lack of an input query by per-landmarks, and ¥ descriptions to construct ind&eys
mitting the user to select query images from the data-for an image. CAFIIRE composite dce creation
base. An alternate is to enable the user to create or method permits the user to construcaeeffrom a data-
construct query images from scratch. A number of con-base of feature parts by blending each part onto a tem-
tent-based retr@l systems use this approach plate ficial image whose corresponding feature is
[QBIC95] [JFS95], It they typically do not preide a appropriately \arped (using the feature landmark posi-
creation interice that wrks well for fices. Further-  tions) to receie it. CAFIIR permits the user to select
more, creating a specific desirexté from scratch is a one or more of the retsed images to be used as feed-



Figurel. The composite D as created with the cheeks, nose, and chin from A, the moutlyeioves from B,
and the forehead anges from C.

back to refine the search, although these appear not tof the multiple images of indidual faces, attempting to
be used to refine the composite directly side benefit  use the one image with the most neutrgbression.
to systems lik Spotlt and CAFIIR is that, in theent Our final test database has approximately 4500 images
the database searchil§ (perhaps because thegetr of faces of arying genderage, and race. &Wse the
face is not present), the user is left with a composite ofeigenfices and associated dogénts (weights) as cal-
the face that may be used to locate the person via otheculated for Photobook [PPS94]. These included 100
means. eigenfices produced from a training set of 100 images
Photobook, Spotlt, and CAFIIR pride a wide selected randomly from the database.e ¥ge all 100
assortment of mechanisms for enabling a user to dealveights to calculate the Euclidean distance between
with the “mug-shot search problémalthough the ar-  images. The images consist of 2gixel intensity \al-
ious ideas embodied in thesefelient systems aradci- ues and were alreadyealigned as a preprocessing
nating, little vork has been done to attempt t@leate  step for calculating the eigedes and weights.  In
their usefulness as applied to mug-shot search, or to tnaqdition to the knen eye locations, we added annota-
to understand what kinds of search sge emplged  tions for the position of theyebraws, tip of the nose,
with them are most successful. Our goal isv@l@te  center of the mouth, top of the forehead, and bottom of
the benefit of arious mechanisms and stgits and t0  the chin. These annotations were created by hand,
understand he and wly ary such benefits are obtained. though this could be done automatically or semi-auto-
matically using one of seral knavn techniques (e.qg.,
3 A Prototype System [BP93) [TPOL) ues (o0
To conduct our research, weiilh a simple system
that intggrates a query image creation method specifi-
cally designed fordces with adce-recognition-based
retrieval method. Its approach to composiaed cre-

3.2 Composite Creation
Our composites are constructed out atd parts
from the images in the database. The feature annota-

ation is a lbrid one, using Identikit-li& cut-and-paste tions and ge-alignment made it possible to automat-

methods similar to those found in CAFIIR, combined cally recombine aic_:e parts from sreral diferent .
with random composite generation similar to that found photographs and still get (most of the time) composites

in FacePrints (though without the genetic algorithm). 'n.t\r’:’h'ct? tie plecde§ fit togethhezlgytwell: S:Ert'ng K
For image retrieal, it uses the whole-image based PCA with & background Image, which determines the cheeks

method takn directly from Photobook. (Eigenfeature- and ears, the remammgo‘e parts are supe_nmpo;ed on
based retrieal similar to that found in Spotlt and CAF- th's background in rectangles of_predefmed size (s_ee
FIR has also been implementedt tas not used in this Figure 1). Rectangle edges are minimally blended with

study) The system maintains the original functionality the background. The location annotation of a particular

of Photobook, bt adds to it the ability to produce com- feature is inherited from its source image, so the process

posites and to sort the database by distance from themOf annotating the composites is fully automated.

The creation and recognition subsystems may be use@Ithough we (iou:g hﬁa"&Netzhtu;:eartutrhe Iocag|rons to
in an intgrated &shion, so that interim composites can ove (e.g., placing the mou or the gebravs

be used to search the data and interim database searé,;l\gper)’ as |s|done ma!é(teeF;rtl:nts, \_'I_Vﬁ tradetldtthabﬂbll—
results can, liewise, be used to impve a deeloping Ity Tor a simpler user inteace. € resufts are gener-
composite. ally good, it due to lighting, pose, and feature size

variations in the images, some problems do arisw. F

3.1 TheData example, the minimal edge smoothing is neta}s suf-
The database we use for testing is a subset of thdicient to blend the diérences when a feature from a

original Photobookdce database. &\eliminated most  very dark &ce is superimposed on ary light face.



Much of the crudeness that does arise could be elimi-willing a user is to empipothat function. Hoping toefc-
nated with more sophisticated image blending methodstor out arly possible detrimental fefcts of our specific
or preprocessing normalization methods, such as thosémplementation choices, for some tasks we vedio
used or proposed in Spotlt and CAFIIR. subjects to specify their instructions to ampert opera-

The user may tag gmumber of images from the tor. All subjects warked from the same automated inter-
database as “currently selected\t any time, the user  face that dictated the specific nature and sequence of
can request a set of random composites to be createthsks thg were to perform. Hueever, for carrying out
from the current selections (i.e., the widual face feature edits and for recording ranking decisionsy the
parts are each chosen randomly from among the currentould specify their instructionsevbally and by pointing
selections). While viging a set of nely generated  to the screen rather than by directly manipulating the
composites, the user may choose to add one or more ahouse themsebs.
them to the current selections. These selections, in Our database could be pre-filtered using snota-
turn, are used to generate subsequent composites. As itfions to limit a search to images of the correct gender
FacePrints, the system permits the user to fix (andage, and race. Since this type of pre-filterincaathge
“unfix”) individual features when generating random could be applied to all of the approaches we are com-
composites so that all random composites willeha paring and wuld hare greatly reduced our database
particular feature. Manual editing to select anvitti size, we chose not to include it in oxperiments.
ual feature from oneate and paste it onto another is 41 Goals
also permitted. By including both manual editing and ™

random composite generation, we hope to obtain the Thg ;tudy IS aimed at undgrstandlngthest t.o
best of both wrids, enabling users to empldoth exploit, in practice, the correlation between the Eigen-

holistic face recognition ability and isolated feature face and human notions aidial S|mllar|ty [HBBW]'
recall ability We strave to assess howell the Eigenfice technique

works to enable a user to findacé in a database and to

3.3 Eigenfaces Applied to Composites learn which search strafies emplged with it are most
Since composites are produced from the original effective. W also stree to determine ho much bene-

database images and inherit all their feature locationsfit is obtained by adding composite creation to the sys-

from them, the composites maintain the e@lignment  tem.

and general structure of the originals. The original data-4-2 The Task

base images were projected onto the emsd in a pre- . .
9 prol P To facilitate analysis of the results, we set ups/v

processing step,ub this operation isaist [TP91], and trained set of tasks for all test subiects t let
can be performed on a composite in real time. Thus, weSOnstrained set ot tasks for afl test SUbJEcts to complete.

can calculate a compos#eieights (i.e., project it onto In adance, we chose twdyffergnt taget images. dr-

the eigerdices to get its location in Eigatk space) on g'e.t One, shon on the left n Flg_ure 2 a5 c.hosen Spe-
the fly Once the weights are obtained, the database caﬁ'f'c"""y because theat:_e IS quite distinote. Target

be sorted by distance from the composite just as it canTWO’ shavn on the left in Figure 3, & ch.osen at ran-
ary database image. The entire project-and-sort opera—dom' Also in adance, we € lected 100 images at ran-
tion is done in response to a single mouse-click. On adom from the database. This same random aen_med
180 MHz Pentium Pro with 64 rgabytes of memoty in experiments for both tgets and across all subjects.

this operation tads under a second for our 4500 image Each subject @s askd .to viev Target l_on the com-
database. puter screen for seral minutes, and as instructed to

try to register a clear mental image of trecé. It vas
4 The (Pi|0t) User Study explained to subjects 'that t}newo_uld later be a;éd to
perform tasks that relied on their memory of it (though
they were not told what tasks). When the subjeat w
satisfied with the quality of their mental image, the tar-
get image ws remeed from viev. Next, each subject

The user study described here includedaxiesub-
jects from our department (students and adminigérati
staf). Its intended focus a&s on the high-lesl func-

tional specification of a usémterface rather than the . ;
L . i . was shwn the 100 randorrates in a kind of computer-
specific implementation details for each function.

. ) . : . ized mug-book presentation. The screen display fit 20
Nonetheless, implementation details and their associ- . . .
. X faces at a time, so there weresfgets through which the
ated impact on ease of use can alsetembig diect on ; X
! . subject could page back and forth. The subjeas w
the success orailure of an interacte system. &r

example, the specific interaction method used to imple- asled to select fig faces from among these 100 that

ment feature editing (e.g., cutting and pasting a nosethey felt looked most similar to the iget. Selecting

- five was requireden if the subject found this diult.
from one &ce to another) canvia big impact on o Once five faces had been selected, the subjeat w



Figure 2. Tamget 1 and the foultes (out of 100 chosen randomly) closest to it in eigenspace. The number unc
image indicates the number of inspections thaild be required to find the gt using that image as the query

Figure 3. Tamet 2 and the foultes (out of 100 chosen randomly) closest to it in eigenspace. The number unc
image indicates the number of inspections thaild be required to find the taat using that image as the query

instructed to rank them for their similarity to thegiet, these ten random composites that most resembled the
from best (“closest”) to arst (“furthest”). The subject tamget.

was permitted to modify the rankings (in an on-screen Lastly, the subject &s askd to attempt to produce a
display of the fie images in rank order) until satisfied. “best” composite via manual editing. The subject could
The four fices out of the 100 random ones that are actu-start with either a database image or one of the random
ally closest in Eigerdce space toalget 1 and a@get 2 composites and modify its features inyamay. Sub-

are shwn at the right in Figures 2 and 3. If the human jects could selectatial parts from anof the original
notion of similarity correlated perfectly with the Eigen- 100 faces or focus only on parts obtained from thee fiv
face distance metric, weowld expect thesedces to be  top choices. Subjects could spend as little or as much
the users top four choices. (One might guess from time as thg wanted producing a final edited composite
looking at thesedtes that such perfect correlation does or on ary of the prior tasks. In general, subjects spent
not «ist.) Beneath eaclaée is the position (or rank) of between 5 and 45 minutes on the entire set of tasks,
the taget in the sorted list (afll 4500 database images) averaging about 15 minutes perget! The composite

obtained by using thaate as a query imag&his num- D, shavn in Figure 1, is anxample of a composite pro-
ber indicates he mary image inspections euld be  duced for &mget 1 by a subject in the study
required by the user to locate thegtdr face if that When the subject &s satisfied with the edited com-

image were submitted as a querye can see from posite, the screenag cleared andamet 2 was dis-
these numbers that selecting the closest image in Eigenplayed. The subjectag askd to repeat the same set of
face space to use as a queuld enable the user to tasks for Arget 2 as those performed fauget 1. This
find either taget in approximately 40 image inspections time, havever, the taget image remained on the screen
plus the initial 100. for the duration. Hence, for the secondytdy the sub-

After making and ranking the fivselections, the sys-
tem generated and displayed 10 random composites
from them (i.e., 10eces whose parts were selected uni- 1. Note that, if one could inspect 1@G&és a minute, the entire data-
formly at random from among the subjsctive selec- base could be searched in 45 minutes, though this proaass w
tions). The subject as instructed to select one out of likely be atremely tedious and error prone.




ject could vork from an on-screen image rather than a images, so searching it sequentiallyuld, on &erage,
mental one. require a user to inspect half the database, resulting in a
Allowing the subject to ark directly from the tayet stratgy search score of 2250. éMse this as a rough
image on-screen rather than from a mental image isbaseline for comparison.
potentially problematic because it is a less realistic sim- In the study subjects identified possible query
ulation of the mug-shot search problem. If one actually images by picking them from a set of images that were
has an on-screen image of trecd sought, then the randomly selected from the databaser the purposes
problem becomes that ofde recognition, which is of a best-case analysis, we assume that the user can
already well-studied and better sedvin other \ays. immediately identify the best of these N random selec-
Still, allowing the subject to vie the taget throughout  tions by picking the one that is most perceptually simi-
has the adantage that it simulates a photographic mem- lar to the taget (where “best” is defined as the one with
ory, thus creating an idealize@nsion of the mug-shot the lovest score). Based on a simplifying assump%ion,
search problem in which d&rences in visual memory it can be shan that the epected score of the best of N
among subjects aradtored out of thexperiment. This ~ such random selections is the size of the database, D,
adwantage is mitigted somehat by @idence that peo-  divided by (N + 1) [BS97]. So, for gample, gven our
ple’s visual memory ofdces plays better to holistede  database of size 4500, the best of 100 randomly selected

recognition tasks than it does to isolated feature recallimages wuld hare an &pected score of500/ (100+ 1)

ability. An on-screen image enables a subject to focusy qnnroximately 45. This is consistent with our obser-

on indvidual features in a ay that is less possible 54ons about the tagets and 100 randorades used
when vorking from visual memory in our experiments (see Figures 2 and 3). Note that,
We chose to he the subject wrk from the on-  ,061ding to this analysis, the sequential search baseline

screen image on the secondgerrather than the first ot 5550 corresponds to thepected score of a single
since we epected that by this time in thegeriment,  5n40m selection from the database, i.e.,when N = 1.

work with the first taget might hae degraded the use”  jeqrly the more random selections presented to the
ability to recall a second @et. We supposed that per- user (i.e., the bigger theale of N), the better the

mitting the subject to vie a taget image On-Screen g hacted score of the best one.  Of course, the user
throughout the xperiment vould male it easier ©0 st inspect the N randomly selected images, too, and
choose the most visually similar images and to produceege inspections must also be included in the total
a good composite. ®/were interested in comparing gearch score, so there is a point of diminishing returns.
resglts from Tﬁrg_et 2 to those fromél’get 1 where the Thus, for this approach, the optimakpected total
subject vas vorking from a mental image.  Oddthe  goach score is limited by the minimunalue of

composites for drget 1, which were produced from a his i . I 0/D
mental image, were often better (both perceptually(D/(N+l))+N' This is approximatelg LD .. In our

closer and closer in Eigeadfe space) than the compos- €ase, the functior(4500/(N +1)) +N has a minimal
ites for Tmget 2. It is unclear from this small study Value when N is 67 (yielding aalue of 1347 This
whether this \as a result of the dérent eposure meth- ~ means that, if the user can successfully pick from
ods, or simply due to d#rent characteristics of the tar- among 67 random selections the one closest to the tar-
get faces themseds, or some otheagtor get, that pick can be used to sort the database to obtain a
. total expected search score of 134. This is our best case
4.3 Evaluation Methodol ogy. ) ) expected search score and it is quite good in comparison
We use themean number of image inspections o our worst case baseline of 2250 for sequential search.
required by the user as a scoring metric for comparisonsrpe Ejgenfice method (as applied to the mug shot
between stragges. V¢ male the assumption that this search problem) is based on the presumption that the
metric is more important than the total time required
because a user'mental image seems togdade as
more and more images arewed. e define thecore 2. The simplifying assumption is that the score of image P with
of an image, |, (with respect to adet, T) as the posi-  respect to image T is equal to the score of image T with respect to
tion or rank of T in the list of images obtained when the 'ma9¢ P
database is sorted by distance from | (this correspond§' Had we noted this when we originally designed the user, stady

to th b fi . ti ired to find th might hare chosen 67 rather than 100 for the number of random
0 the number of Image Inspeclions required to 1in eimages from which the user selectsortBnately using N = 100, we

target if image | is used as a query). eWefine the il get quite close to this minimum of 134, i.e., 100 + (4500/(101)) is
search score of a strategy as the total number of image about 145. So our choiceaw also reasonable. Since the 100 initial
inspections required to find the gat using that strat- image inspections are done by all users, we omit them in the search

egy. Our database contains approximately 4500 Scores in our tables, so, for our stuthe correct optimalxpected
) score to use for comparison is actually 45.




correlation between the Eigawke and human metrics
for determining distance (or similarity) is a strong
one. Ve anticipate that the use of Eigaodés will per-

(H, D, I), where H specifies momary of the five data-
base images to use, D specifiewvtdeep to look in the
sorted lists for these images before going on to tke ne

mit our subjects to do much better than the sequentialist, and | specifies o mary such “breadth-first” itera-

search baseline of 2250. Butwalose can theget to
the expected search score of 134 thaud result if the
human and Eigeate similarity metrics correlated per-
fectly? Following that, what additional benefit, if gyns

tions to perform before returning to look “depth-first” in
the first list. Br example, the straty (3, 40,2) sorts

the database for each of the top 3 (out of 5) database
images, looks 40 images deep in each of the sorted lists,

derived from adding the use of composite creation to theand then repeats this a 2nd time looking at the 4@

system?

images in each list. Finallif the taget image has still

Answering these questions requires some analysisnot been found, it goes back to searching the remainder
Though our test subjects did not actually use the sys-f the first sorted list, andeleps going until the tget is

tems’ Eigenfice sorting mechanism, we apply it in a
post-mortem analysis of thewauser data. \& sort the
database by distance from each of the sulsjcore

found. We assume there is no reason to violate the
users ordering of the fig images, so wexelude strate-
gies that use the second image before the first, etc.

database selections, as well as from their first-choicel jkewise, we &clude seemingly random tactics such as

composite, and final edited composite.e ien note
the position number of the gt in each such sorted list

looking at image 200 in the first list, then image 46 in
the second list, etc. &\Aalso assume there is no need to

(i.e., we note the score of each of these potential queryook at all possiblealues for D. Instead, we look only

images). From this data, we can computerage
search scores across all v&e subjects for arious
search stratges the users might 17|ri51empltyed.4 For
example, we can comparewavell our subjects auld
have done onerage had theused only the top choice
database image as a query vav leell they would hare

at multiples of 20 (one screenful of images) for the
value of D. (Actuallywe use 1, 21, 41, etc., so that pure
parallel search [D=1] is included.) Finallye male the
assumption that 1000 is a limit on the search score for a
strat@y, since ag more than that wuld likely tax a
users patience bend its limit. If the user ges up

done had theused only the final edited composite as a well before that, it doeshmatter whether the score is

query
Since we knw there is some correlation between the
Eigenfaice similarity metric and the human one
[HBB97], we might guess that the closest image in
Eigenface space (of the 100)owdd regularly shav up
someavhere among the usertop five database choices.
If so, the stratgy of searching in parallel the sorted lists
based on these choicesuid hare an &pected search
score of 225 (plus the 100 initial inspectioﬁsbdeally
we want to be able to compare the optimakrage
search score among all stgitss that use one or more
database images to the optimakiage search score
among all stragies that use one or more ladth the

2000 or 3000, so a search that does not succeed in under
1000 image inspections is simply tédited as adilure
and &eraged in with a search score of 1000.

The abee definition of a stragy does not yet
include composites. dlinclude them, we need only to
change the definition into a quintuplet (H, D, {, P,),
where H nwv indicates hav mary of the sgen images
(the original five, plus the tw composites) are used, D,
and | are defined as before, anddnd B specify the

position of the composites in the image sebr &am-
ple, the stratgy (3,40, 1,1,0) places the random and
edited composites in positions 1 and 0 respelstithus

database images and the composites. Such a compau#)-umpingl the database imageswioto positions 2

son would permit us to determine Wwanuch benefit, if
ary, can be devied from the use of composites.
Unfortunately the huge number of possible search
stratgies prohibits checking our user data for thera
age search scores associated wlitlof them. Havever,
a simple characterization of most of the reasonabl
stratgies does permit anxeaustve check of those. &/
define a “database image only” stgpteas a triplet

4. We male the assumption that the usesuld recognize the tget
face were it to reappear

5. Since 45 is the minimumxgected score out of the 100 random
selections from which the user is picking, we comphited5 (to
account for the parallel search) to get 225.

through 6. This stragly searches 40 images deep in
each of the three lists associated with the edited com-
posite, the random composite, and the top database
image, in that orderlf that fails, the search continues in
the remainder of the list associated with the edited com-

cPosite. The set of strafies included in this definition is

small enough that we can perform ama&ustve search
of all of them, calculating thevarage search score of
each from the ma& user data collected in the study



TABLE 1.

Strategy Target 1 aver age scores Target 2 aver age scores

(1,0, 0, 5, 6) —use top database image 762 (658 with 5dilures) 1238 (729 with 5dilures)
(1, 0, 0, 0, 6) —use top random composite 277 (277 with Odilures) 1030 (692 with 6dilures)
(1, 0, 0, 6, 0) —use final edited composite 454 (379 with 1dilure) 713 (475 with 3dilures)

TABLE 2.
Optimal Strategies strategy aver age search score failures
Tamget 1: Database only (4,41, 4) 223 none
Tamet 1: Database + Composites (6, 41, 1, 0, 2) 160 none
Target 2: Database only (5,61, 2) 577 5
Tamet 2: Database + Composites (6, 61, 1, 6, 0) 382 2
5 Results For each taget, we calculated theverage search score

over all subjects for each possible stggténcluded in
our definition. The first four mes of Table 2 shar the
- doptimal stratgies (with and without the use of compos-

composite. Due to space considerations, we report herétes) that were identified by thixieaustie search. As

only average scoresver all subjects, it the complete we suspected, in the case of potrgm, the optlmall
raw data from which theseverages are calculated is strat@yy uses a mix of database images and composites,

available elsahere [BS97]. @ble 1 abue shavs the and is substantially better than the best disatinat

average search scores for three stiiatethat use only a tjhses C)thly ?jattabasg |metlges. " T:]hough sm?e%nllrl]atr
single query image —either the users’ top choice data- e optimal stragy s not &actly the same for both tar-

base image, the users’ top choice random composite, opetti' for taget 1, thﬁ rando::n comg osmla |sthplac§.<tj ert
the users’ final edited composite. The scores outside" € siqgence,dw M(;reas org{mr > only ? g. Ie't
parentheses shothe plain &erage, whereas inside the COMPOSite IS used. more glensve user studies |
parentheses is theverage computed with inddual may be possible to determine which sty&e are more

failures limited to 1000. From this tableyseal facts globally successfull. o
are clear First, the stratgy that uses only the top These results gé a clear indication that the use of

choice database image does substantially better than thgomposites prades a potential a@ntage wver restrict-

sequential search baseline score of 2250. As antici N9 Users to database images for their queries.  Strate-

pated, using Eigeates, een in this simple manngs a gies that include composites seem to enable a user to
substz;mtial win. Still, t,hese scores araracfy from the locate a taget face in fever image inspections and with

expected score of 45 if the users’ and Eigeefsimilar- Iﬁweéfanrlge ca_se?. .tThe r?S.UItS als|c|> I'ndlcati thtat,tfor
ity metrics are perfectly correlated. The second obser- 1€ Elgenace simrianty metric, paraflel search strate-
gies emplging multiple user choices are moréeetive

vation we can makis that using the edited composite h trateies that f | p hoi
works much better than using the subgtdp database | an stragies that focus only on a usertop choice
image, gen when that image is a composite produced

choice. In the case of gt 1, using the subjesttop v 10 look similar to th i
choice random composite isem better than using the expressly to look similar to the get.

edited one. Thus, if the usestratgy is constrained to 6 Discussion and Future Work
selecting a single query image, using a composite seems i .
like a good idea. There are three mairvenues for seeking impve-

ment in mug-shot search systems. The first is to attempt
images? Gien our more fieble definition of a strat- to improve the correlation between the human and sys-
egy, hov does the optimal stragg using one or more of tem metrics for determining similarity betweescés.
both composites and database images compare to thd "€ second is to determine search spiatethat best

optimal using one or more ofly the database images? exploit whatever correlation doesxest and attempt to
build those stratgies directly into the system. The third

Recall that our na data consists of computed image

But what about stragges that use multiple query



is to seek a query formulation intacke that besitili- reported [JFS95, RM97]ubthese hee been tested pri-
tates easy construction or location of a query imagemarily on general image databases rather than specifi-
matching the mental one. There is plenty of potential cally with faces. Although it is possible that applying
for improvement in each area, and progress in one areane or more of these methods to the mug-shot search
may afect progress (or the need for it) in another problem will provide improvements wer the basic
Our study shas that the Eigemfce method, though Eigenfices method, it is not yet clear which method is
helpful, is an imperfect model of human perception of best. Br mug-shot search, the importaattor is the
similarity betweendces. Applying a n@l| esaluation strength of the correlation between the human and sys-
methodology to our system, weveamade progress at tem metrics for assessing similarity betweacek. The
identifying specific search strgies that, gien the best method for this task may befelient from the best
imperfect correlation between the system and humanmethod for identifyingdcial images of the same person
similarity metrics, attempt to use Eiganés to the best or for finding similar images in a general image (i.e.,
adwantage. W hae also shan that the use ofatial non-facial) database. While our study focused on iden-
composites as queries is adtageous compared to tifying successful stragges and query formulation fea-
restricting users to database images for their queries. tures in a system emplimg full face Eigerdces, for
In our study subjects were limited to aery systems that empjoother (possibly better) mechanisms
restricted set of actions within the system. In reality for determining similarity between images, the answers
system pruides a great deal more Albility than this. may be diferent. Havever, the ealuation methodology
At every stage there are mastratgy choices to be  we describe is a useful tool that can be generally applied
made. In addition to deciding which images to use asto the design and analysis of similarity-based rediie
queries and he far davn each sorted list to search, the systems. It can be used both to determine the best
user must decide which, if grof the images from these search stratges for a gien metric and to help distin-
sublists should also be used as queries, which images tguish between the mapossible candidate metrics.
select for composite creation,vimanary random com-
posites to generate, whether and when to use manual Acknowledgements
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more complicated and priding mary opportunities for  characterization of a “strajg” used in our aluation
costly walks davn blind alleys. Our analysis suggests methodology) for helpful discussions.
that parallel search strgies using both database
images and composites as queries are most successfld References
With more atensive user studies, we will seek to estab- ) . )
lish more precisely which strafies are globally suc- [BM9.6]. R. Brunelli and_O. Mich, Spotlt! an Interaggi
cessful so that additional *“guidance” can be !dentikit System,Graphical Models and Image Pro-
incorporated into the system. eVdlso gpect to tak a  €essing, Vol. 58, No. 5, pp. 399-404, September 1996.

closer look at which features of the query formulation [BP93] R. Brunelli and TPoggio, Bce Recognition:

(i.e., composite creation) intede are most useful and  Fogiures vs. dmplates, IEEE fnsactions on dtern
at haw this afects the tradebtbetween simplicity and Analysis and Machine Intelligence,oM 15, No. 10
functionality In addition, we nt to better understand  5.oper 1993, ' ' '

the efectiveness of the interagé refinement approach

to kuilding a query image. Does this kind of hill-climb- [BS97] E. Baler and M. SeltzeiThe Mug-Shot Search
ing (i.e., iterating theselect, sort, search sequence) Problem.Harvard University Center for Research in
really work better than simply selecting one or more Computing Technology, Technical Report-20-97, 1997.

images from a random set (agswdone in the study [CJ91] C. Caldwell and VS. Johnston. racking a

i ’ T .
e ors e i o casee il Suspet Thougpeee Space W a Genet
P ' ' Algorithm. Proceedings of the Fourth International

i 2
COf:pr:)uSrI;ebSe? ?)lf itrrr:erlzwsei:gr?:sugiguﬁt.ernaﬁs to the Conference on Genetic Algorithms, pages 416-421,
P 1991. Mogan Kaufmann Publishers.

basic Eigerdces method lva been described in the lit-
erature [e.g., MP94,TC95, WW97, VBL93]. Most [Gol89] D. E. Goldbey. Genetic Algorithms in Search
evaluations of these metricsweafocused on their suc-  Optimization and Machine Learning. Addison-Vésley,
cess atdce recognition rather than similarity regaé 1989.

A number of other general image recognition methods

as applied to interast database searchvieaalso been



[GR95] V. N. Guidivada and VV. Raghaan, Content-  [Web98] Product Description on the web:
Based Image Retnal Systems.IEEE Computer\Vol. http://www.zn.ruhruni-bochum.de/fark/k1/s110e.htm

29, No. 9, pp. 18-22, September 1995. [WWO7] W. A. S. M. Wahid, Masters Thesis, M. I. T
[HBB97] P. J. B. Hancock, MBruce, and A. M. Burton,  Media Lab, 1997.

A Comparison of ivo ComputeBased Rce Identifica-

tion Systems Wth Human Perceptions ofaEes, \&ion

Research, in press, 1998.

[JFS95] Charles E. Jacobs, Adam [Eilskein, Da&id H.
Salesin. Bst Multiresolution Image Querying. Proceed-
ings of SIGGAPH 95, in Computer Graphics Proceed-
ings, Annual Conference Series, pages 277-286, August
1995.

[KS90] M. Kirby and L. Sir@ich, Application of the
Karhunen-Loge procedure for the Characterization of
Human FRces, IEEE fansactions on dtern Analysis
and Machine Intelligence, oVl 12, No. 1, 1990.

[LTC95] A. Lanitis, C.J. @ylor, T.F. Cootes, An Auto-
matic Face Identification System Using Kiele
Appearance ModelsProcs. of the 5th British Mdine
Vision Confeence vol 1, pp 65-74, ed. Edwin Hancock,
BMVA Press, ¥rk, UK, 1994.

[LVBL93] M. Lades, J. C. dfbriggen, J. Buhmann, J.
Lange, C. vn der Malshrg, R. P Wuirtz, and W
Konen, Distortion Imariant Object Recognition in the
Dynamic Link Architecture, IEEE r@nsactions on
Computers, 42:300-311, 1993.

[MP94] B. Moghaddam, A. Pentlandaée Recognition
using Mew-Based and Modular Eigenspace#uto-
matic Systems for the Identification and Inspection of
Humans, SPIB/ol. 2277, July 1994.

[PPS94] A. Pentland, R.Wpicard, S. Sclaréf Photo-
book: Tools for Content-Based Manipulation of Image
DatabasesProceedingsSPIE Stoage and Retrieal
Image and Weo Databases Il Vol. 2,185, 1994,

[@BIC95] M. Flickner H. Savhney, W. Niblack, J.
Ashley, Q. Huang, B. Dom, M. Gorkani, J. Hafnpé.
Lee, D. Pethvic, D. Steele, Pyanker, Query by \Weo
and Image Content: The QBIC SystetBEE Com-
puter, Vol. 28, No. 9, pp. 23-31, September 1995.

[RM97] S. Raela and R. Manmatha, Image Retak
by Appearance, SIGIR 97, Philadelphia, July 1997.

[TP91] M. Turk, A. Pentland. Eigeates Br Recogni-
tion. Journal of Caynitive NeuoscienceMay 1991.

[WALD94] J.K. Wu, Y. H. Ang, PLam, H.H. Loh, and
A. Desai Narasimhalu, Inference and Refleof Facial
ImagesMultimedia System®:1-14, 1994.

10



