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Abstract

An image of a face dep ends not only on its shap e, but also on the viewp oin t,

illumination conditions, and facial expression. A face recognition system m ust

o v ercome the c hanges in face app earance induced b y these factors. This pap er

in v estigate t w o related questions: the capacit y of the h uman visual system to

generalize the recognition of faces to no v el images, and the lev el at whic h this

generalization o ccurs. W e approac h this problems b y comparing the iden ti�cation

and generalization capacit y for uprigh t and in v erted faces. F or uprigh t faces, w e

found remark ably go o d generalization to no v el conditions. F or in v erted faces, the

generalization to no v el views w as signi�can tly w orse for b oth new illumination and

viewp oin t, although the p erformance on the training images w as similar to the

uprigh t condition.

Our results indicate that at least some of the pro cesses that supp ort generaliza-

tion across viewp oin t and illumination are neither univ ersal (b ecause sub jects did

not generalize as easily for in v erted faces as for uprigh t ones), nor strictly ob ject-

sp eci�c (b ecause in uprigh t faces nearly p erfect generalization w as p ossible from a

single view, b y itself insu�cien t for building a complete ob ject-sp eci�c mo del). W e

prop ose that generalization in face recognition o ccurs at an in termediate lev el that

is applicable to a class of ob jects, and that at this lev el uprigh t and in v erted faces

initially constitute distinct ob ject classes.
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1 In tro duction

The h uman visual system can easily recognize the iden tit y of a familiar face from its

image. Ho w ev er, recognizing faces is a di�cult problem from a computational p oin t of

view, b ecause all faces ha v e a generally similar shap e and at the same time di�eren t im-

ages of the same face can v ary considerably . There are sev eral sources for the v ariations

b et w een images of the same face, suc h as c hanges of facial expression, age, viewp oin t,

illumination, noise, etc. The task of a face recognition system, whether natural or arti�-

cial, is to recognize a face in a manner that is insensitiv e to these v ariations. The basic

issue w e study here is ho w the h uman visual system can iden tify a face in no v el images,

in particular under c hanges of illumination direction and viewp oin t.

W e consider t w o asp ects of the problem. The �rst is ho w w ell h umans in fact rec-

ognize faces in no v el images. The second is the lev el at whic h the generalization of face

iden ti�cation to no v el images tak es place. Recognition systems can use di�eren t t yp es

of information for o v ercoming image v ariations. W e distinguish b et w een three basic gen-

eralization lev els: universal, class b ase d, and obje ct sp e ci�c . Roughly sp eaking, at the

univ ersal lev el, no restrictiv e assumptions are made ab out the ob jects that ma y app ear

in the image. A t the ob ject-sp eci�c lev el kno wledge ab out a sp eci�c face ma y b e used

(e.g., the three dimensional shap e of a sp eci�c face); the class-based lev el is an in termedi-

ate lev el, where kno wledge ab out faces in general (the class to whic h a candidate ob ject

b elongs), but not ab out a sp eci�c face ma y b e used (e.g., the general shap e of faces).

These generalization lev els will b e discussed further in the last section of the pap er.

F ace pro cessing w as previous studied b y comparing the recognition of faces to other

ob ject classes suc h as houses, landscap es, and dogs (V alen tine, 1988). One of the main

problems with suc h a comparison is the di�erence in complexit y b et w een faces and other

ob jects. T o o v ercome this problem and to c haracterize the computational lev el at whic h

the generalization of face recognition tak es place, w e compared the recognition of uprigh t

and in v erted faces. F rom an ob jectiv e standp oin t, they ha v e the same complexit y , ho w-

ev er, p erceptually in v erted faces are more di�cult to recognize. W e did not compare the

di�cult y of recognition p er se . Instead, w e studied the di�erences in the generalization

of recognition from one image of a face to other images of the same face in the same

orien tation (uprigh t/in v erted).

It should b e noted here, that one ob jectiv e di�erence that often o ccurs b et w een up-

righ t and in v erted faces is that under natural conditions uprigh t faces are illuminated

from ab o v e while the faces in in v erted images are illuminated from b elo w. Since ob jects

are often illuminated from ab o v e, Johnson et al. (1992) suggested this di�erence as a

source for di�cult y in recognizing in v erted faces. W e a v oided this problem in our study

b y placing the illuminating at the face lev el. Consequencely the faces w ere illuminated

from the same directions in the uprigh t and in v erted images.
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In the exp erimen ts, sub jects �rst learned to recognize single image of eac h of three

distinct unfamiliar faces. Then, eac h sub ject w as tested with 20 di�eren t images of eac h

of the three faces, tak en under no v el illumination conditions and from no v el viewp oin ts.

The same exp erimen t w as rep eated for in v erted images of other faces. In this case, the

sub ject learned to recognize images of in v erted faces and w as then tested on no v el images

of in v erted faces.

W e found that the recognition of no v el views of uprigh t faces w as remark ably go o d

(see section 2.2.2). In con trast, the p erformance on no v el images of in v erted faces w as

signi�can tly w orse than for the uprigh t faces (although the sub jects had no problem

in recognizing the training images of in v erted faces). Our results indicate that at least

some of the pro cesses that supp ort generalization across viewp oin t and illumination are

neither univ ersal nor strictly ob ject-sp eci�c. They are not univ ersal b ecause sub jects

did not generalize as easily for in v erted faces as for uprigh t ones. They are not ob ject-

sp eci�c b ecause in uprigh t faces nearly p erfect generalization w as p ossible from a single

view, b y itself insu�cien t for building a complete ob ject-sp eci�c mo del. W e prop ose that

generalization in face recognition o ccurs at an in termediate lev el that is applicable to a

class of ob jects, in this case, a class of uprigh t faces. A discussion of these conclusions is

presen ted in section 3.

Before describing the exp erimen ts in details, w e brie
y review previous studies of face

recognition from no v el views and from in v erted images, and relate them to our study .

Sev eral studies ha v e addressed the problem of generalization of face memory to no v el

images tak en from new viewp oin ts, but without c hanging the illumination conditions

(P atterson and Baddeley , 1977; Da vies et al., 1978; Bruce, 1982). In these exp erimen ts,

a set of faces (unfamiliar or familiar) w as brie
y presen ted once to the sub ject during a

training phase. In the testing phase, the sub ject determined whether a giv en face had

app eared previously in the training phase. Tw o viewp oin ts w ere used: fron tal, and 3 = 4

pro�le. The results sho w ed that the recognition of a previously seen face in the no v el view

w as reliable. Bruce (1982) compared the memory of familiar and unfamiliar faces in suc h

an exp erimen t, and found that familiar faces w ere recognized faster and more accurately

than unfamiliar faces. Our exp erimen ts w ere di�eren t in sev eral resp ects. First, our

sub jects w ere tested on face iden ti�cation, in a three-alternativ e forced-c hoice setup.

Second, our sub jects w ere initially unfamiliar with the face stim uli, but one image of eac h

face w as made familiar b y rep eated exp osure during the training stage (this can explain

the di�erences b et w een our results and those of Bruce (1982) regarding the recognition of

unfamiliar faces). Third, the set of images that w e considered for eac h face w as larger (20

compared to t w o). F ourth, the images in our exp erimen ts v aried not only due to p ose,

but also due to illumination. Finally , our set of images w as precisely con trolled, so that

eac h parameter (e.g., viewp oin t or illumination) w as v aried indep enden tly of the others,

while images of all faces w ere normalized to the same size and lo cation. In previous
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studies (P atterson and Baddeley , 1977; Da vies et al., 1978; Bruce, 1982) the con trol o v er

viewp oin t, lo cation, size, illumination, bac kground, and in man y cases familiarit y of the

faces to the sub ject, w as not completely sp eci�ed.

Recognition of in v erted faces is kno wn to b e a di�cult p erceptual task (K• ohler, 1947;

Ho c h b erg and Galp er, 1967; A ttnea v e, 1967; Yin, 1969; Scapinello and Y armey , 1970;

Y armey , 1971; Carey and Diamond, 1977; V alen tine and Bruce, 1986). A review of re-

searc h concerned with the recognition of in v erted faces can b e found in V alen tine (1988).

Generally , the memory for faces w as sho wn to b e impaired when in v erted images w ere

in v olv ed (in the training or in the testing phases or in b oth). In v erted faces w ere also used

in attempts to disco v er out whether features or con�guration information are required

for face recognition. Carey and Diamond (1977) prop osed that the di�cult y in recogniz-

ing in v erted faces results from an inabilit y to access the con�guration information of the

facial features from in v erted faces. The cue saliency in arti�cial in v erted faces (sc hematic

or thresholded to blac k and white) w as addressed b y sev eral in v estigators (Endo, 1982;

Endo, 1986; Kemp et al., 1990). The results of these exp erimen ts indicated certain di�er-

ences in the memory for uprigh t and in v erted faces. In our study , the relativ e di�culties

of recognizing in v erted faces w as not of primary concern. In v erted faces w ere used to

study certain asp ects of the e�ects of illumination and viewp oin t on face iden ti�cation.

2 The exp erimen ts

The basic exp erimen tal paradigm w as a three-alternativ e forced-c hoice recognition task.

The sub ject w as �rst trained on a single image of eac h of three faces tak en under iden tical

viewing conditions. She or he w as then tested on 20 images of eac h of the three faces,

tak en under all com binations of four di�eren t illumination p ositions and �v e di�eren t

camera lo cations. Our main ob jectiv e w as to test the degree of generalization to new

viewp oin t and illumination for b oth uprigh t and in v erted face images. The lo cations

of the camera and the ligh t sources w ere iden tical for all faces. The same exp erimen t

w as rep eated for sev eral sessions with a n um b er of di�eren t triplets of faces. Some of the

triplets w ere sho wn alw a ys uprigh t, others alw a ys in v erted. The assignmen t of orien tation

and triplet iden tit y w as balanced across sub jects, so that the faces in eac h triplet w ere

seen uprigh t b y half of the sub jects, in v erted b y the other half. The orien tation of the

stim uli w as �xed throughout an exp erimen tal session.
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2.1 Metho d

2.1.1 Sub jects

Eigh t sub jects (3 females, 5 males, ages 16-35) participated in the exp erimen t. All had

normal or corrected to normal acuit y , and all but one w ere paid for their participation.

All sub jects had some prior exp erience in psyc hoph ysical exp erimen ts.

2.1.2 Materials

Figure 1: Eac h face w as normalized b efore taking the picture so that the face's symmetry axis, the

external corners of the ey es, and the b ottom of the nose lo cated on the reference lines as sho wn.

Tw en t y images (Figure 2) of eac h of 18 di�eren t faces w ere used as stim uli. All faces w ere

of males without distinctiv e features (no glasses, b eard, m ustac he, etc.). All images w ere

tak en b y the same camera under precisely con trolled illumination and viewp oin t. The

fron tal view of all faces w ere normalized b y �xing the lo cation of the face's symmetry axis,

the external corners of the ey es, and the b ottom of the nose, b efore taking the pictures (see

Figure 1).

1

The camera (Pulnix TM-560 with Canon lens V 6 � 1616 � 100mm F 1 : 1 : 9)

w as attac hed to a rob ot arm (Adept I) to con trol its precise p osition. A Sym b olics Lisp

Mac hine con trolled the camera p ositioning to: � 34

�

, � 17

�

, 0

�

, 17

�

and 34

�

with resp ect

to the fron tal view, in the horizon tal plane. The distance of the face from the camera w as

1

The p osition of three p oin ts on an image of a three dimensional ob ject determines uniquely the

lo cation of the ob ject with resp ect to the camera.
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�xed at 110 cm . F our distinct illumination conditions at the same heigh t of the face w ere

created b y turning on and o� three �xed ligh t sources: left (IL=0), cen ter (IL=1), righ t

(IL=2) and the com bination of left and righ t (IL=3). The sub jects w ere ask ed to assume

a neutral expression and to remain still. T o reduce the in
uence of the bac kground, the

faces during the exp erimen ts w ere clipp ed b y an elliptical mask that o ccluded most of

the hair and the nec k areas. Eac h image consisted of 512 � 352 p oin ts, 8 bits p er p oin t.

The sub jects view ed the images on the screen of a Silicon Graphics P ersonal Iris

4D35/TG w orkstation, at an appro ximate distance of 50 cm . A t that distance, an image

subtended appro ximately 6 : 8 degrees of visual angle.

The 18 di�eren t faces w ere divided in to six di�eren t sets, three faces in eac h set. Eac h

set consisted of the 20 images of eac h of the three faces. The triplets w ere c hosen that

the faces within a set w ere judges b y the exp erimen te rs to b e similar to one another. The

sets w ere denoted b y the letters A through E (see Figures 3).

2.1.3 Pro cedure

An exp erimen tal session started with a training phase follo wing b y a testing phase. An y

giv en session in v olv ed one �xed set of faces. In the training phase the sub ject w as trained

to recognize a single image of eac h of the three faces of the set. The same view of the face

(VP=17

o

, and IL=0) w as used for all the images of the training phase (as in Figure 3).

The sub ject w as sho wn rep eatedly eac h of the three images in a pseudo-random order. In

the �rst 15 trials of the training phase, the sub ject w as giv en a graphical indication of the

correct resp onse. This indication w as pro vided b y a diagram at the b ottom of the screen,

sho wing the correct resp onse buttons (\1", \2", or \3" a n umeric). Subsequen tly , the

indication w as pro vided (and an audible signal w as giv en) only if the sub ject's resp onse

w as erroneous. Once the sub ject iden ti�ed correctly 18 out of the last 20 app earances

of the training image of eac h face, a sp ecial signal w as sounded and the testing phase

started.

In the testing phase, the sub ject w as tested on all images of the three faces of the set.

F or eac h face, the test image included all com binations of the four di�eren t illumination

lo cations and �v e di�eren t camera p ositions. Altogether, there w ere 20 � 3 di�eren t

images. Eac h image w as presen ted six times in the testing phase. In eac h trial of the

exp erimen t, the stim ulus image w as sho wn for 600 msec follo w ed b y a mask (a jum bled

face image) that remained visible un til the sub ject resp onded. The sub jects w ere required

to mak e a three-alternativ e forced-c hoice decision regarding the iden tit y of the displa y ed

face image. The sub jects w ere forew arned that di�eren t images of the same face could

app ear in the testing phase, and that no feedbac k w ould b e giv en for incorrect resp onses.

They w ere ask ed to resp ond as quic kly and as accurately as p ossible. An exp erimen tal

5



� 34

o

� 17

o

0

o

17

o

34

o

Left

Middle

Righ t

Left+righ t

Figure 2: An example of 20 images of one of the faces (all com binations of �v e di�eren t viewing p osition

and four di�eren t illuminati on).
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A

B

C

D

E

F

Figure 3: The triplets of images used in the exp erimen t, one image of eac h face. These images w ere

used in the training phase (VP=17 and IL =0).
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session included a minim um of 105 training trials (or as man y as w ere necessary for the

sub ject to ac hiev e a 90% correct rate on eac h face),

2

follo w ed b y 360 testing trials (5

lev els of VP � 4 lev els of IL � 3 faces � 6 replications).

The exp erimen t consisted of four sessions of six sets (in all, 24 sessions) for eac h of

the eigh t sub jects. In a giv en session, the faces w ere either all uprigh t or all in v erted in

b oth the learning and the testing phases. F or a giv en sub ject, half of the face sets w ere

uprigh t images, the other half in v erted. F or the �rst four sub jects, the sets C , B , E w ere

alw a ys uprigh t, sets A , D , F alw a ys in v erted. The other four sub jects sa w sets C , B ,

and E in v erted, and sets A , D , F , uprigh t. The assignmen t of the set v ariable to a giv en

sub ject and session w as done in suc h a manner that Sub ject/Set com binations tended to

o ccur in pairs (that is, the same set w as sho wn to a giv en sub ject during t w o successiv e

sessions). This made it easier for the sub jects to remem b er what the target faces in a

giv en session w ere. Otherwise, this assignmen t w as randomized across sub jects.

2.2 Results

W e �rst presen t the summary statistics of the data (section 2.2.1). W e then analyze

separately the generalization across viewp oin t and illumination in the �rst exp osure of

a sub ject to a set of uprigh t and in v erted faces (section 2.2.2). Finally , w e analyze t w o

learning e�ects: impro v em en t in generalization within and across sets (section 2.2.3).

2.2.1 Preliminary analysis

Altogether, the exp erimen t yielded nearly 70 ; 000 resp onses. The data from a session w ere

included in the subsequen t analysis if the follo wing criterion w as satis�ed: the sub ject

had to iden tify correctly 5 out of 6 app earances of eac h of the three training images

in the testing phase (VP=17

�

, and IL=0). This criterion w as satis�ed in 86 out of 96

uprigh t sessions and in 76 out of 96 in v erted sessions. The other sessions w ere omitted

from the analysis since w e w ere in terested in the generalization pro cess of recognizing

correctly no v el face images after learning to recognize a single image of the same face. In

sessions w ere this criterion w as not satis�ed, the sub jects w ere unable to recognize w ell

enough the training image. A separate analysis of the sessions that w ere dropp ed here,

sho w ed the same e�ects of generalization as will b e describ ed b elo w. W e also discarded

records of trials in whic h resp onse times w ere shorter than 250 msec or longer than 3 sec

(these constituted 1 : 5% of the total n um b er of trials). The �nal data set included 57 ; 976

2

If the sub ject did not reac h this lev el of p erformance in 250 trials, the session w as ab orted, and w as

restarted from the b eginning after a short break. This happ ened in 6 sessions, or ab out 3% of the total

n um b er of sessions.
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resp onses (ab out 84% of the original v olume of data; w e discarded all sessions of one

sub ject due to his generally p o or p erformance, that w as statistically di�eren t from the

rest of the sub jects).

Pass Statistic Up/In v Mean T rain VP di�. IL di�. VP&IL di�.

1 CR, % uprigh t 97.3 � 0.2 99.1 � 0.5 97.0 � 0.5 97.8 � 0.5 97.1 � 0.3

in v erted 87.2 � 0.6 98.6 � 0.7 86.5 � 1.5 90.1 � 1.6 85.9 � 0.8

R T, ms uprigh t 904 � 6 860 � 22 916 � 13 900 � 15 905 � 8

in v erted 1034 � 7 940 � 25 1066 � 17 1000 � 15 1040 � 9

4 CR, % uprigh t 97.5 � 0.2 97.4 � 0.8 97.7 � 0.4 96.5 � 0.7 97.6 � 0.2

in v erted 94.6 � 0.4 99.1 � 0.5 95.0 � 0.9 95.0 � 1.0 94.1 � 0.6

R T, ms uprigh t 832 � 6 812 � 27 823 � 12 825 � 16 834 � 8

in v erted 909 � 6 862 � 21 916 � 12 887 � 14 916 � 8

T able 1: Means and standard errors of the mean of correct rate (CR), and resp onse time (R T) a v eraged

o v er all sub jects and �rst pass of all sets (pass-n um b er = 1) and the last pass of all sets (passs-n um b er

= 4). The �v e means in eac h ro w are: the grand mean o v er all conditions; TRAIN: the training view

(VP= 17

o

and IL=0); VP di�: a v erage o v er all new viewing p osition with the training illuminati on

(VP6 = 17

o

and IL=0); IL di�: a v erage o v er all new illuminatio n with the training viewing p osition

(VP=17

o

and IL 6= 0); VP&IL di�: a v eraged o v er all com bination of new illuminati on and new viewing

p osition (VP6 = 17

o

and IL 6= 0).

The v ariables that w e consider are the p ercen tage of correct rate resp onses (CR)

and the a v erage resp onse time (R T) o v er the six app earances of a giv en image in the

testing phase of eac h session. Since there w as no in teraction b et w een sub jects, set of

faces, and the generalization to new images (see app endix B), w e a v eraged separately for

uprigh t and in v erted faces across sub jects and sets of faces for eac h image condition. The

a v eraged v alues of CR and R T in the uprigh t and in v erted conditions o v er all sets and

sub jects on their �rst and last exp osure to eac h set are presen ted in T able 1. A correlation

analysis rev ealed no sp eed-accuracy tradeo� (the correlation b et w een CR and R T w as

nev er p ositiv e). Our subsequen t analysis, presen ted b elo w, concen trated on the CR data

since this is the parameter that the sub jects w ere trained to ric h the high p erformance

on; the results concerning resp onse times are summarized in App endix E.

2.2.2 VP and IL e�ects for in v erted faces

As men tioned ab o v e the same set of images w as rep eated four times for eac h sub ject.

W e b egin b y considering the �rst pass of eac h of the sets for all sub jects. The a v eraged

p erformance of all sub jects is plotted in Figure 4, separately for uprigh t and in v erted
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VP -34 -17 0 17 34

IL

0 78 83 93 99 91

1 79 80 83 89 84

2 79 90 91 89 87

3 84 90 92 92 90

T able 2: Eac h en try represen ts the a v erage correct resp onse (CR) o v er all sub jects and sets for a giv en

viewing p osition (VP) and illumina tion p osition (IL) for in v erted faces. Only the �rst pass n um b er is

considered. The training view w as VP= 17

o

and IL=0

sets. Eac h p oin t in the 2D graphs represen ts the a v erage p ercen tage of correct resp onses

(CR) o v er all sub jects for one of the 20 views of a face (4 illuminations � 5 viewp oin ts).

The results for the in v erted images are also summarized in T able 2.

Upright; Pass=1

0

1

2

3

IL

0

1

2

3

4

VP
70

80

90

100

CR, %

0

1

2

3

IL

0

1

2

3

4

VP
70

80

90

100

a

Inverted; Pass=1

0

1

2

3

IL

0

1

2

3

4

VP
70

80

90

100

CR, %

0

1

2

3

IL

0

1

2

3

4

VP
70

80

90

100

b

Figure 4: Plots of p ercen t correct (CR) for all viewing p ositions (VP) and illuminati on p ositions (IL).

W e consider only the �rst session of eac h sub ject on eac h set. Eac h p oin t in the graph represen ts the

a v erage CR o v er all sub jects for uprigh t stim uli (a) and in v erted stim uli (b). The training view (VP= 17

o

and IL=0) is mark ed b y a star.

W e considered sessions in whic h the sub jects had similar p erformance on the training

images for uprigh t (99 : 1 � 0 : 5% correct) and in v erted (98 : 6 + 0 : 7% correct) faces. The

generalization for no v el views of uprigh t faces w as remark ably go o d (ab o v e 97% correct).

The generalization for no v el views of in v erted faces w as considerably w orse (a v erage CR
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w as 86 : 5 � 1 : 5% for no v el viewp oin t and 90 : 1 � 1 : 6% for no v el illumination direction). F or

the in v erted faces, the p erformance for no v el viewp oin t decreased monotonically with the

misorien tation relativ e to the training view. Statistical analysis (rep orted in app endices B

and C) rev ealed no e�ects of either VP or IL for uprigh t faces, for in v erted faces b oth

VP and IL had a signi�can t e�ect on generalization: p erformance decreased.

2.2.3 Learning

In the previous section w e considered only the �rst session (�rst pass) of all sub jects on

eac h of the sets. In this section w e consider the e�ect of learning. In the follo wing analysis,

w e distinguished b et w een face-sp eci�c learning (within a set), and general learning (across

sets). Learning within a set is due to b etter p erformance of the sub ject after ha ving seen

the same set of faces o v er and o v er again. In comparison, learning across sets is due to

impro v em en t in p erformance when the sub ject b ecomes more familiar with the task or

the class (in this case of in v erted faces), rather than with a sp eci�c stim ulus set.

T o study the e�ect of learning across sets, w e considered only the �rst exp osure

(�rst pass) of eac h sub ject to eac h set, since this precludes of learning within a set.

Figure 5(a) presen ts the mean p erformance of all sub jects on the �rst pass of eac h set

vs. the presen tation order of app earance of the sets to a giv en sub ject (Set-order). The

results do not indicate an y learning across sets (see App endix D). That is, the VP and

IL e�ects w ere not reduced due to rep eated exp osure to sets of in v erted faces.

T o study the e�ect of learning within a set, w e considered the c hange in p erformance

of eac h sub ject with the n um b er of rep eated exp osure (pass-n um b er) to the �rst set of

faces that the sub ject sa w. Figure 5(b) presen ts the mean p erformance of all sub jects

and all sets vs. pass n um b er. The impro v em en t with the n um b er of passes is manifest in

the increase of mean CR and in the near disapp earance of the e�ects of VP and IL (see

App endix D).

W e can therefore conclude that the learning exhibited b y the sub jects w as mostly

set-sp eci�c. F or eac h set of faces, this learning w as apparen t in the impro v em e n t of

generalization p erformance with rep eated exp osure to that set. Learning across sets

(that is, learning to p erform b etter on the en tire class of in v erted faces) did not sho w up

signi�can tly in the data. The statistical analysis supp orting these conclusions is presen ted

in app endix D.

2.3 Summ ary of results

Our results indicate that sub jects could b e trained to discriminate b et w een di�eren t faces

in b oth uprigh t and in v erted faces when the same images are used in the training and in
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a b

Figure 5: (a) Learning across sets: plots of CR vs. n um b er of di�eren t in v erted sets that a giv en

sub ject sa w (set n um b er) for in v erted stim uli, the a v erage is tak en on the �rst exp osure of a sub ject

to eac h of the sets. (b) Learning witnin a set: plots of CR vs. pass n um b er, the a v erage is tak en on

the �rst set that eac h sub ject sa w. The four bars in eac h group corresp ond, from left to righ t, to the

follo wing four di�eren t conditions. TRAIN: the training view (VP= 17

o

and IL=0); VP di�: a v erage

o v er all new viewing p osition with the training illumi nation (VP6 = 17

o

and IL=0); IL di�: a v erage o v er

all new illuminati on with the training viewing p osition (VP=17

o

and IL 6= 0); VP&IL di�: a v eraged o v er

all com bination of new illumi nation and new viewing p osition (VP6 = 17

o

and IL 6= 0).

the testing stage. Ho w ev er, the generalization to views obtained under no v el viewp oin t

and illumination conditions is signi�can tly w orse for in v erted faces compared with uprigh t

faces.

W e also found that the sub jects w ere capable of non-sup ervised learning (impro v em e n t

in generalization for no v el views). This learning w as sp eci�c for the face sets they sa w,

rather than the class of in v erted faces in general: follo wing rep eated exp osure to the same

set of faces, the VP and IL e�ects nearly v anished, only to reapp ear when a new set of

faces w as in tro duced.

3 Conclusions and Discussion

The abilit y to generalize the recognition of a giv en face to no v el images is a fundamen tal

issue in face p erception. Tw o natural parameters that v ary b et w een images are the illu-

mination and viewp oin t. The �rst question addressed in this pap er w as ho w w ell h umans

can recognize faces in no v el images. The no v el views w e considered w ere tak en from �v e

di�eren t viewp oin ts and under four di�eren t illumination directions. The largest angular

separation b et w een no v el and familiar viewp oin ts w as 51

�

, and the largest separation in
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illumination direction w as ab out 50

�

a w a y from the direction used in the training im-

age. W e found that for uprigh t faces the sub jects that w ere trained to recognize w ell the

training image, resp onded correctly to o v er 97% of the test stim uli. W e conclude that the

h uman visual system generalizes w ell the iden ti�cation of uprigh t faces to no v el images

within the range of viewp oin t and illumination c hanges w e tested.

Ho w this impressiv e in v ariance for large discrepancy in viewp oin t and illumination

obtained? The comparison b et w een uprigh t and in v erted faces allo ws us to dra w a n um b er

of plausible conclusions regarding the probable lev el at whic h the h uman visual system

o v ercomes v ariations b et w een images of the same face. In the discussion b elo w, w e

dra w a distinction b et w een the univ ersal, class and ob ject lev els of ac hieving in v arian t

recognition.

Consider �rst the univ ersal lev el. A t this lev el, the system attempts to comp ensate

for the v ariabilit y among images of a the same face in the same manner for all ob jects.

An example of a univ ersal pro cess of this kind, widely used in computer vision, is the

extraction of in tensit y edges from the image. A ma jor goal of this pro cess is to form

an in termedi ate represen tation based on image features that are relativ ely insensitiv e to

illumination. Similarly , for biological visual systems, there is ph ysiological evidence for

neurons that are sensitiv e to b oth orien tation and spatial frequency in the primary visual

cortex (Hub el and Wiesel, 1962; Hub el and Wiesel, 1968). This stage of pro cessing w as

mo deled as the application of a set of lo cal �lters to the incoming image (Daugman, 1984;

Mercelja, 1980; Marr and Hildreth, 1980; P ollen and Ronner, 1983). Presumably , this

pro cessing is applied uniformly to an y input image, and, in particular, to uprigh t as w ell

as in v erted images of faces. Di�erences b et w een the pro cessing of uprigh t and in v erted

faces are therefore unlik ely to arise from this lev el of pro cessing. More generally , the

di�erence b et w een the p erformance of the visual system in generalizing across viewp oin t

and illumination c hanges in uprigh t and in v erted faces suggests that univ ersal pro cessing,

suc h as edge detection, is not su�cien t b y itself to comp ensate for these image v ariations.

The extreme opp osite to univ ersal pro cessing is the ob ject-sp eci�c approac h. Here,

when an image is compared with stored ob ject mo del, pro cesses that dep end on the

particular ob ject in question are utilized. These pro cesses can therefore sp eci�cally deal

with the e�ects of viewp oin t and illumination for the ob ject in question. F or example,

for familiar ob jects the system ma y store detailed 3-D mo dels acquired through past ex-

p erience. Suc h a mo del can then b e used in comp ensating for viewp oin t and illumination

e�ects of the ob ject in question, but not to comp ensate for viewp oin t and illumination

e�ects in general (for other ob jects). Some of the ob ject-sp eci�c approac hes o v ercome

the di�erences b et w een images due to c hanges in viewp oin t b y using m ultiple images of a

giv en ob ject as reference. There are t w o di�eren t w a ys in whic h m ultiple images can b e

used: the indep enden t and the in terdep enden t approac hes. The indep enden t approac h

is straigh tforw ard: the system stores a su�cien tly large set of images, so that eac h no v el
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face image is b ound to b e close to one of the images in the set, considered indep enden tly .

The in terdep enden t approac h uses sev eral images of the same face together, to extract

(either directly or indirectly) information ab out the three dimensional shap e of the face

(Fisc hler and Bolles, 1981; Ullman, 1986; Huttenlo c her and Ullman, 1987; Lo w e, 1987;

Basri and Ullman, 1988; Grimson, 1990; P oggio and Edelman, 1990). Because in our

exp erimen ts only a single image w as a v ailable to the system in the learning phase, ob ject-

sp eci�c approac hes that rely on sev eral images of the same face cannot accoun t for our

exp erimen tal results. Another metho d for constructing the 3-D shap e of the ob ject is

b y using the shading information from a single image(Horn and Bro oks, 1989). In this

approac h, computing the shap e of the ob ject is p erformed at the univ ersal lev el (that is,

no sp eci�c assumptions on faces in general or sp eci�c faces are used to compute the 3-D

shap e). This approac h is therefore also insu�cien t to explain the di�erences b et w een the

generalization of uprigh t and in v erted faces.

In b et w een the univ ersal and ob ject-sp eci�c lev els lie the class-based lev el. A t this

lev el, the pro cessing dep ends on the class to whic h the ob ject in the image is assumed to

b elong. F or example, class-lev el pro cessing ma y include the extraction of facial features

suc h as the lo cation of the ey es, mouth and nose (Kanade, 1977; Cra w et al., 1987; Y uille

et al., 1989). Suc h a pro cess is applicable to face images in general, but not to other

ob jects. In general, classi�cation can b e hierarc hical, that is, a giv en class of ob jects

can b elong to a more inclusiv e class as w ell. F or example, the face of an individual

b elongs to the class of h uman faces, whic h, in turn, b elongs to the class of animal faces,

whic h b elongs to the class of appro ximately bilaterally symmetri c ob jects. Therefore,

class-based pro cessing can consist of sev eral lev els of pro cessing.

The use of suc h class-based pro cessing means that the system uses general prop erties

of faces to comp ensate for the e�ects of illumination and viewing conditions of an indi-

vidual face. Our exp erimen ts rev ealed di�erences in generalization p erformance b et w een

uprigh t and in v erted faces. This strongly suggests that generalization is not en tirely

univ ersal in nature. Although univ ersal pro cess ma y ha v e a con tribution, class-based

pro cesses are lik ely to pla y an imp ortan t role in comp ensating for b oth illumination an

viewp oin t. Our results also sho w substan tial recognition abilit y from a single (uprigh t)

face image. This again is consisten t with the use of class-based pro cessing. The use of

general face prop ert y could help to explain ho w generalization is obtained on the basis

of a single no v el image, and wh y this generalization is more e�ectiv e for familiar faces.

Class-based pro cessing can b e used in sev eral manners. F or example, the 3D shap e

of the ob ject can b e easier to reco v er from a single image if one assumes that the ob ject

is indeed a face (the reco v ery of general shap e from shading from a single image is

imp ossible without assumptions on the ligh t source p osition, the re
ectance prop erties,

etc.). Moreo v er, b ecause faces b elong to the class of bilaterally symmetric ob jects, the

symmetry assumption can b e used, for example, for dealing with the viewp oin t v ariation,
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as describ ed in Moses and Ullman (1992a) .

In conclusion, our results sho w a remark ably go o d generalization from a single im-

age to no v el views of uprigh t faces, along with reduced generalization p erformance for

in v erted faces. W e suggest that the di�erence in generalization p erformance is related

to class-lev el pro cessing, and that for the visual system uprigh t and in v erted faces are

di�eren t classes of ob jects. In other w ords, the visual system uses general face prop erties

to comp ensate for new viewing conditions of a sp eci�c face. T o in v estigate further the

p ossibilit y that class-based pro cessing pla ys an imp ortan t role in generalization across

p ose and illumination c hanges, the exp erimen ts rep orted here could b e rep eated with

other classes of ob jects. Sp eci�cally , generalization o v er con trolled viewp oin t, illumina-

tion, and other imaging parameters could b e compared for di�eren t classes of ob jects.

F urthermore, it w ould b e in teresting to determine whether p erformance for a giv en class

impro v es with rep eated exp osure to di�eren t ob jects from this class. As an example,

consider the class of in v erted faces, whic h are rarely seen in daily life. Our exp erimen ts

rev ealed virtually no impro v em en t in the generalization pro cess for one set of in v erted

faces after rep eated exp osure to another set of in v erted faces. It is p ossible, ho w ev er,

that a longer exp osure to in v erted faces w ould result in the learning of in v erted faces as

a class, leading to impro v ed generalization from a single view of an in v erted unfamiliar

face.
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App endix A: the indep enden t v ariables

The indep enden t v ariables that w ere in v olv ed in the analysis are listed in T able 3.

V ariable L evels R emarks

Invert 0, 1 0=uprigh t, or " ; 0=in v erted or #

VP -34, 17, 0, 17, 34 T raining: VP=17

�

IL 0, 1, 2, 3

IL =0 for left, IL =1 for cen ter,

IL =2 for righ t, and IL =3 for left

and righ t together.

T raining: IL =0

Set A, B, C, D, E, F

Eac h set consisted of images of 3

faces

Subje ct EST,OR1,T AL,ARN Sets [A,D,F] " , [B,C,E] # .

JUD,NUR,MOR,OR2 Sets [A,D,F] # , [B,C,E] " .

Pass-numb er 1, 2, 3, 4

The n um b er of times a Subje ct

w as exp osed to a giv en Set .

Session [1..24] coun ted separately for eac h Sub ject

Set-or der 1, 2, 3

The sets w ere n um b ered in the

analysis for eac h sub ject accord-

ing to their c hronological order of

app earance. The uprigh t sets and

the in v erted sets w ere n um b ered

separately .

T able 3: The indep enden t v ariables in v olv ed in the analysis.

App endix B: e�ects of Subje ct and Set

W e �rst tested the in teraction of the v ariables Subje ct and Set with the e�ects of VP and

IL , to determine whether the in
uence of sub ject and stim ulus v ariabilit y ( Set ) w ould

ha v e to b e tak en in to accoun t explicitly in the subsequen t analyses. T o that end, w e

p erformed a mixed-mo del GLM (General Linear Mo dels) analysis, in whic h the e�ects

of VP , IL , Subje ct , Set , and all the t w o-w a y in teractions w ere tested, with Subje ct and

Set declared as random e�ects. The analysis w as carried out separately for uprigh t

and in v erted conditions, and also separately for eac h v alue of Pass-numb er (b ecause

the p erformance c hanged with Pass-numb er , and the rate of this c hange di�ered among

sub jects).
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The results yielded in teractions b et w een Subje ct , Set , and the e�ects of VP and IL ,

in b oth orien tation conditions, for most of the v alues of Pass-numb er . A lo ok at the

data sho w ed, ho w ev er, that the source of these in teractions ma y ha v e b een the p o or

p erformance of a single sub ject, ARN (see T able 4); this sub ject w as also resp onsible for

18 out of the 30 sessions that w ere omitted from the analysis b ecause of the lac k of

learning of the training con�guration). Indeed, without this sub ject, there w as virtually

no in teraction of Subje ct and Set with VP and IL .

3

Consequen tly , in all further analyses,

w e used only the data from the sev en remaining sub jects, and treated the v ariation o v er

the Subje ct and Set degrees of freedom as error terms.

App endix C: e�ects of VP and IL , and their in terac-

tion with Invert

T o �nd out ho w the in v ersion of the stim uli a�ected generalization across c hanges in

viewp oin t and illumination, w e p erformed a 3-w a y ( VP � IL � Invert ) GLM analysis of

v ariance. The analysis w as done separately for the �rst ( Pass-numb er =1) and the last

( Pass-numb er =4) exp osure of a sub ject to a set. All the main e�ects and all the t w o-

w a y in teractions w ere signi�can t (see T able 5). The prominence of the VP * Invert and

IL * Invert in teractions clearly demonstrates that generalization across VP and IL de-

p ended strongly on whether the stim uli faces w ere in v erted or not (see also Figure 4).

W e next carried out four separate GLM analyses: for the uprigh t and the in v erted con-

ditions, for Pass-numb er =1 and Pass-numb er =4. F or uprigh t stim uli at Pass-numb er =1,

the illumi nation IL had no e�ect on CR ( F < 1), and there w as a marginal e�ect of

VP ( F (4 ; 1120) = 2 : 1, p < 0 : 07). No e�ects of IL or VP remained for uprigh t stim uli

at Pass-numb er =4. In con trast, for in v erted stim uli at Pass-numb er =1 w e found strong

main e�ects of IL ( F (3 ; 940) = 5 : 4, p < 0 : 0012) and of VP ( F (4 ; 940) = 10 : 3, p < 0 : 0001),

and no in teraction; at Pass-numb er =4 b oth these e�ects w ere reduced but still presen t

( IL : F (3 ; 1120) = 3 : 4, p < 0 : 02; VP : F (4 ; 1120) = 5 : 7, p < 0 : 0002).

A direct impression of the e�ects of viewp oin t and illumination on generalization

p erformance ma y b e obtained b y considering the means of CR for the di�eren t v alues

of VP and IL . A t Pass-numb er =4, the adjusted marginal mean correct rate for VP =17

�

(the training viewp oin t) w as CR=96.0%, and for VP =0 it w as CR=90.7% (di�erence

signi�can t at p < 0 : 0001; most of the other di�erences b et w een the marginal means

of CR w ere also signi�can t). F or IL =0 (the training illumination), the marginal mean

3

The only marginally signi�can t in teractions w ere: IL * Subje ct for Invert =0, Pass-numb er =2

( F (3 ; 1091) = 1 : 93, p < 0 : 02); IL * Set for Invert =1, Pass-numb er =1 and Pass-numb er =2 ( F (12 ; 855) =

1 : 90, p < 0 : 03, and F (12 ; 1032) = 2 : 39, p < 0 : 005, resp ectiv ely).
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---------- --- -- --- --- --- -- --- --- -- Invert=0- --- --- --- -- --- --- --- -- --- --- -- ---

Duncan Grouping Mean N Subject

A 99.3264 720 NUR

A

B A 99.2130 720 EST

B A

B A 99.1204 720 OR2

B A

B A 98.3460 660 OR1

B

B 98.1296 720 TAL

C 95.5370 540 JUD

D 93.8500 600 MOR

E 77.2722 300 ARN

---------- --- -- --- --- --- -- --- --- -- Invert=1 ----------- --- --- --- -- --- --- -- --- -

Duncan Grouping Mean N Subject

A 94.968 660 EST

A

A 94.942 660 OR1

A

B A 93.181 720 NUR

B

B 91.566 660 MOR

B

B 91.250 600 OR2

C 88.503 540 TAL

C

C 87.272 540 JUD

D 73.389 180 ARN

T able 4: Results of Duncan's Multiple Range test of the di�erences b et w een mean v alues

of CR for the eigh t sub jects, in the uprigh t and the in v erted conditions. Note the great

di�erence b et w een the p erformance of ARN and that of other sub jects (in resp onse time,

ARN w as rank ed third in b oth conditions). ARN's data w ere subsequen tly omitted from

the analysis.
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correct rate w as CR=95.8%, compared to CR=92.4% for IL =1 (di�erence signi�can t at

p < 0 : 004; di�erences among other lev els of IL w ere not signi�can t).

App endix D: learning

Despite there b eing no feedbac k indicating incorrect resp onses during the testing stage of

eac h exp erimen tal session, the sub jects' p erformance impro v ed with rep eated exp osure

This impro v em en t with Pass-numb er w as manifest in the increase of mean CR, and,

more in terestingly , in the dimin ution of the e�ects of VP and IL (see the description of

the e�ect of Pass-numb er in section 3). T o determine whether this impro v em en t w as

a non-sp eci�c practice e�ect, or an indication of stim ulus-sp eci�c learning, w e obtained

a quan titativ e measure of the relativ e imp ortance of Set-or der and Pass-numb er b y a

four-w a y ( VP � IL � Pass-numb er � Set-or der ) analysis of co v ariance (with Pass-numb er

and Set-or der treated as con tin uous v ariables).

The results are summarized in Figure 5 and in T able 6. In the uprigh t condition, w e

found no e�ects of in terest. In the in v erted condition, the analysis sho w ed, as exp ected,

all the e�ects of VP and IL w e sa w b efore. In addition, there w as a signi�can t main

e�ect of Pass-numb er ( F (1 ; 4343) = 29 : 37, p < 0 : 0001), but not of Set-or der ( F < 1).

In terestingly , familiarit y (that is, Pass-numb er ) a�ected generalization: the in teraction

of VP with Pass-numb er w as marginally signi�can t (at p < 0 : 11).

App endix E: analysis of resp onse time (R T)

Because the main conclusions made in this pap er are based on the analysis of the CR

data, our primary concern w as to assure that the sub jects did not trade recognition rate

for resp onse time. Indeed, w e found no p ositiv e correlation b et w een CR and R T in an y

of the sessions or conditions. W e found di�erence in mean R T b et w een uprigh t and

in v erted conditions (see T able 1). Because w e found no session b y session sp eed-accuracy

tradeo�, this di�erence in R T b et w een uprigh t and in v erted faces do es not c hange our

in terpretation of the CR results. In fact, in v erted faces to ok longer to resp ond to and

w ere more di�cult to recognize | the opp osite of what happ ens when sp eed is traded

o� for accuracy .

E�ects of VP , IL , and Invert

T o �nd out ho w the in v ersion of the stim uli a�ected the resp onse time R T across c hanges

in viewp oin t and illumination, w e p erformed a 3-w a y ( VP � IL � Invert ) GLM analysis of
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v ariance. As in the section on CR, the analysis w as done separately for Pass-numb er =1,

and for Pass-numb er =4. A t Pass-numb er =1, the main e�ect on R T of illumination IL w as

w eak, and its in teractions with the other v ariables w ere not signi�can t (see T able 7). In

comparison, R T did dep end strongly on viewp oin t VP , and this dep endence w as a�ected

b y the in v ersion of the faces (see the VP * Invert in teraction in T able 7, top, and Figure 6).
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Figure 6: Plots of R T vs. VP and IL , for uprigh t stim uli (left) and in v erted stim uli (righ t).

The data in this plot are for Pass-numb er =1.
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---------- --- -- --- -PA SS NUMBER=1-- --- --- --- -- --- --- --- --

Source DF F Value Pr > F

VP 4 13.88 0.0001

IL 3 6.30 0.0003

VP* IL 12 1.80 0.0425

Invert 1 258.99 0.0001

VP* Invert 4 7.66 0.0001

IL* Invert 3 4.66 0.0030

VP* IL* Invert 12 1.04 0.4106

---------- --- -- --- -PA SS NUMBER=4-- --- --- --- -- --- --- --- --

Source DF F Value Pr > F

VP 4 4.77 0.0008

IL 3 2.26 0.0793

VP* IL 12 0.77 0.6846

Invert 1 36.51 0.0001

VP* Invert 4 4.82 0.0007

IL* Invert 3 3.44 0.0162

VP* IL* Invert 12 0.45 0.9428

T able 5: Results of GLM analyses of v ariance that tested the e�ects of VP , IL , and

Invert on CR for P ass-n um b er=1 and P ass-n um b er=4. The n um b er of error DFs w as

2060 and 2240, resp ectiv ely , in the t w o cases. Note the diminishing in
uence of Invert

on the e�ects of VP and IL at P ass-n um b er=4, compared to P ass-n um b er=1.
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Source DF F Value Pr > F

VP 4 10.31 0.0001

IL 3 4.62 0.0031

VP*IL 12 3.19 0.0001

Set-order 1 0.23 0.6349

Set-order* VP 4 1.37 0.2426

Set-order* IL 3 1.21 0.3038

Pass-numbe r 1 29.37 0.0001

Pass-numbe r*V P 4 1.88 0.1115

Pass-numbe r*I L 3 1.50 0.2115

Set-order* Pas s- num ber 1 3.20 0.0737

T able 6: Results of the analysis of co v ariance that tested the in
uence of learning on

the e�ects of VP and IL . Only the in v erted condition is sho wn (in the uprigh t condition

there w ere no signi�can t e�ects). The n um b er of error DFs w as 4343.

22



---------- --- -- --- -Pa ss- nu mbe r=1 -- --- --- --- -- --- --- --- --

Source DF F Value Pr > F

VP 4 8.34 0.0001

IL 3 2.92 0.0329

VP*IL 12 1.70 0.0605

Invert 1 199.90 0.0001

VP*Invert 4 2.64 0.0322

IL*Invert 3 0.31 0.8180

VP*IL*Inv ert 12 0.42 0.9549

---------- --- -- --- -Pa ss- nu mbe r=4 -- --- --- --- -- --- --- --- --

Source DF F Value Pr > F

VP 4 5.56 0.0002

IL 3 1.29 0.2750

VP*IL 12 0.24 0.9966

Invert 1 84.72 0.0001

VP*Invert 4 0.97 0.4233

IL*Invert 3 0.96 0.4119

VP*IL*Inv ert 12 0.31 0.9887

T able 7: Results of GLM analyses of v ariance that tested the e�ects of VP , IL , and

Invert on R T for Pass-numb er =1 and Pass-numb er =4. The n um b er of error DFs w as

2060 and 2240, resp ectiv ely , in the t w o cases. The in teraction of Invert with the e�ect of

VP , presen t at Pass-numb er =1, disapp eared at Pass-numb er =4. Note that the e�ect of

viewp oin t VP on R T is still v ery strong at Pass-numb er =4.
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