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1 Introduction

Many algorithms have been proposed for human face recognition, spawning anew industry [Dua00]. Scien-
tists working with these systems know that some people are harder to recognize than are others. Surprisingly,
however, few studies have been published looking at what attributes make a subject easier or harder to rec-
ognize.

This paper presents a study of how factors associated with subjects affect recognition difficulty using
a standard Principal Components Analysis based nearest neighbor classifier [M. 91]. This study uses 2,144
images from the FERET data set [PMRRO0O, FER]: two imagesfor each of 1, 072 human subjects. Whilethis
isnot all of the potential FERET subjects, it islarge number that enables usto look for statistically significant
relationships between ease of recognition and eleven subject covariates.

The covariates in our study are race (White, Asian, African-American, or Other), gender, age (young or
old), glasses (absent or present), facial hair (absent or present), bangs (absent or present), mouth (closed or
other), eyes (open or other), complexion (clear or other), makeup (present or absent), and expression (neutral
or other). These covariates were not collected at the time the FERET data were collected, and so it was
necessary for usto reconstruct these as best we could by visual inspection of the images.

To carry out our analysis, astandard PCA classifier wastrained on al 2,144 images and each image was
projected into the resulting subspace. Distance between pairs of images of the same subject is used as the
response variable. A linear model was then used to estimate the degree to which each covariate influenced
distance.

Using the pairwise distance between images of the same subject as the response variable has some ad-
vantages over other possible choices, in particular recognition rate or recognition rank. Recognition rate is
a function over a set of images, and therefore cannot be tied clearly to any one subject. Recognition rank
for a given subject is more appropriate, but it depends on the gallery of images being matched againgt, not
just on the subject. There are also distributional properties of recognition rank that make it less suitable than
pairwise distance for regression analysis. Recognition rank does play an important backup role, however,
providing away to test our implicit hypothesis that pairwise distance predicts ease of recognition.

Themgjor conclusions of this study are summarized in Figure 1. It suggests that older subjects are easier
to recognize than young subjects, that subjects who consistently wear glasses are easier to recognize than
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subjects without glasses, and that subjects whose eyes are always closed are easier to recognize than subjects
whose eyes are always open. Not surprisingly, subjects who change across the pair of images, for example
by changing their expression or opening or closing their eyes, are harder to recognize than subjects who are
more consistent. More controversialy, white subjects are harder to recognize than asian, african-american
or “other” subjects, even when the system is trained with balanced data sets.

2 The Subject Covariates

Whenthe FERET imageswere collected, little or no datawererecorded about the subjectsthemselves. There-
fore, it has been necessary for us to estimate such data after the fact from the images themselves. Such post-
hoc estimations are bound to be imperfect, but it is far more interesting to proceed with imperfect data than
to do nothing. For this study, eleven covariates were selected for examination: age, race, gender, expres-
sion, skin appearance, glasses, facial hair, makeup, bangs, mouth and eyes. Each is further described below.
All covariate values were estimated by a single viewer, so while there is clearly some degree of subjectiv-
ity in assigning values to covariates, we have at least avoided introducing further inconsistency by changing
viewers.
Hereisalist of the covariates and their vaues:

Age {Young [teen-30s], Old [40s-60+]} Default: Young. This covariate was one of the most difficult to
judge. For the studies presented here only the young versus old distinction was considered.

Race {White, African-American, Asian, Other} Default = White. This covariate was easier to judge than
was age. If the image looked African-American or Asian, the corresponding category was selected.
The “Other” category was used for Arab, Indian, Hispanic, mixed race, and any other apparent race
that did not fit into the other three categories.

Gender {Made, Female} Default = Male. This factor was easy to judge and is probably highly accurate.

Skin {Clear, Wrinkled, Freckled, Both, Other} Consolodated to {Clear, Other} Default = Clear. Skin was
relatively easy to judge. Wrinkled was obvious. Freckled were more difficult to judge. If there was
some doubt about this covariate the default value of clear was kept. For analysis, any image that was
not rated as Clear was called Other.

Glasses {Yes, No} Default = No. The category was easy to judge and should be accurate.

Facial_Hair {Yes, No} Default = No. In many cases this Category is easy to judge, for example, many of
the men had mustaches or beards. However, there were alot of men that had shadows or thin beards
and were not clean shaven. Inthese casesif the image shadow was easy to spot it was counted asfacial
hair. Otherwise, it was not.

Makeup {Yes, No} Default =No. Likefacia hair, thiswasalso very difficult to judge. The general rulethat
was used for makeup wasto only assign a Yesiif it was obvious that a woman (or man) was wearing
makeup. The most obvious feature to ook for was the shade of the lips, however the eyes and general
appearance also influenced the decision.

Bangs {Yes, No} Default =No. Bangswasset to Yesif thesubject’s hair wasvisiblein the masked/normalized
image. Thisincluded hair that came down over the forehead and hair that sometimes covered the sides



of theface. In some cases there was hair hardly visible around the edge of the image; these cases were
assigned No.

Expression {Neutral, Other}Default = Neutral. Neutral referred to anatural relaxed face. The other expres-
sions were mostly smiles, but included any other distortion of the face.

Mouth {Open, Closed, Teeth, Other} Consolodated {Closed, Other} Default = Closed. Closed was typ-
ically associated with a relaxed/neutral expression. When subjects had a mostly neutral expression
with their mouth open they were assigned Open. In most cases Teeth referred to a smile. Other was
used for indescribable expressions or closed mouth smiles. In the analysis, only the consolodated fac-
tor was used.

Eyes {Open, Closed, Other} Consolodated {Open, Other} Default = Open. Open eyes were associated with
relaxed open eyelids, with the person staring directly into the camera. Closed was also a relaxed ex-
pression, however with the eyelids closed. Other covered eyes that were half open, that looked some-
where other than directly at the camera, or that in some other way did not appear relaxed.

The system used to collect covariate data was a graphical user interface that displayed a FERET image
and its normalized companion, and gave a user the ability to choose radio buttons based on the covariate
observed of the person in the image. The person assigning the covariate values could rapidly step through
images making appropriate selections. The results were logged to a simple ASCII file. The default values
listed above were the ones assigned when the viewer was significantly uncertain. For example, if the viewer
was uncertain about a subject’s expression, the expression was assigned the value “neutra”. The GUI is
written in C++ using the Qt graphics API. We are happy to make this software available upon request.

3 Measuring Recognition Difficulty

The standard FERET evaluation protocol distinguishes between training, gallery and probe images. A PCA
classifier usesthetraining datato determine asubspace in which anearest neighbor classifier will match probe
imagesto gallery images. Recognition rate isthe fraction of the probe images that best match animage of the
same subject, and thus recognition rate is defined over sets of probe and gallery images. Recognition rank is
defined for a specific probe image and is the position of the first occurrence of an image of the same subject
in the gallery images when those images are sorted by increasing distance relative to the probe image.

There are many waysto formalize the notion that a subject is hard to recognize. Given aspecific galery,
one might equate difficulty with high recognition ranks. a subject with recognition rank 1 is easy, one with
recognition rank 2 isharder, etc. Thereissomelogic to thisapproach, but there are al'so problems. First, it not
clear that difficulty islinear in recognition rank. Intuitivele, the difference between ranks 1 and 10 carriesfar
more weight than the difference between ranks 10 and 20. Second, since recognition rank is defined relative
to a gallery, whether a subject is hard or easy to recognize becomes a globa property of the entire set of
images in the gallery: different galeries yield different ranks. While it is true that the performance of face
recognition systems depends on the other subjects in the gallery, this dependency interferes with attemptsto
isolate the relative difficulty of specific subjects.

Here, we equate recognition difficulty with distance between pairs of images of the same subject. The
assumption isasimple one: anearest neighbor classifier ismore likely to recognize asubject at rank 1 when
the two images of the subject are close together. The advantage of this assumption isit yields a performance
variable that depends solely upon the two images of the subject in question (and on training). To emphasize,



this means the performance variable is not dependent upon distance between images of the subject and other
subjects and is therefore not dependent upon a specific gallery set.

It is important to examine whether this assumption is valid in practice. One can imagine pathologies
where many subjects might cluster very tightly in subspace, resulting in small distances between pairs of
images of the same subject, but similarly small distances between pairs of images of different subjects. To
test for such such pathologies, we also look at rank-distance between pairs of images of the same subject.
Rank-distance is defined as follows. Given a specific image of a subject, sort all other images in the study
by increasing distance. Rank-distance is now the rank of the other image of that subject in this sorted list?.
In the probe and gallery terminology used in FERET, the first image serves as the probe and all other images
serve asthe gallery.

4 Primary Experiment

We conducted an ANOVA to determine how subject covariates influence the Mahaanobis metric between
pairs of images of the same subject. In this section, the experimental design is described, followed by the
model, and then the results. Subsequent sections will investigate specific questions/concerns associated with
this primary experiment.

4.1 Experimental Design for Primary Experiment

We collected covariate data for 2,974 images of 1,120 subjects. Of these, pairs of images for 1,072 subjects
were selected for theinitia analysis. Only image pairs taken on the same day were included since increased
time between images is known to make recognition harder. Severa subjects were discarded because they
wore glasses in one picture and not in another. Earlier pilot studies confirmed that this makes recognition
harder, and since it is not a surprising or terribly interesting result, these cases were removed.

Pilot studies aso included multiple pairs of images for some subjects. This created severa problems. It
meant that some response values were correlated within subjects while others were not. It also made subse-
guent balancing of the training data more difficult. (More will be said about balanced training below.) Our
primary experiment therefore includes only one pair of images per subject.

The CSU standard PCA algorithm was trained using all 2,144 images. The code for this agorithm is
available through our web site [Bev]. The decision was made in thisfirst experiment to train on all available
data. Whilethisisnot common practice for operating systems, it is appropriate when focusing specifically on
guestions of which subjects are close in subspace and which are not, and when one does not wish to compli-
cate the question with whether zero, one or both of the subject images were in the training set. The resulting
subspace was truncated at 90% energy, resulting in 177 basis vectors. Subsequent to training, al 2,144 im-
ages were projected into the subspace and the distance between all pairs of images was recorded.

The specific distance measure used, Mahaanobis metric, has been shown to perform best on the FERET
databothin our own prior studies[WSY B0O, BSDGO01] aswell asin studies done by Moon and Phillips[PMRRO0].
There has been some drift in the definition of this measure. For apair of images A and B already projected
into the PCA subspace, the distance measure was defined by Moon [PMRRO0] as:
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Yambor [WSY B00] found asimpler variant performed better and defined the measure as.
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Most of the experiments performed by Yambor assumed a pre-processing step that normalized all imagesin
PCA space to be of unit length. When this was done, the measure became equivalent to:
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Itisthislast equation that isimplemented in our current system and that defines the M ahalanobis metric used
as the distance measure in our analysis.

In addition to recording the Mahalanobis metric between the pair of images for each subject, the rank-
distance was also recorded. For a given subject, this was done by selecting the first image of the subject as
a probe, and then sorting the remaining 2,143 images by increasing distance. Rank-distance was then the
position in this sorted list of the other image of the subject?. Thisrank distance will be used below to test the
strength of the relationship between Mahalanobis metric distance and rank 1 recognition.

4.2 ANOVA Model

The statistical modeling used in the primary experiment was an analysis of variance (ANOVA). The model
is defined as follows:

Y; = Mahalanobis metric for image pair 7 (subject 7). 4
X;j = subject covariate factor j for subject i. (5)
B; = parameters quantifying factor j's effect. (6)
and
Y =060+ Xufi+ Xiafa + ... + ¢ (7

where the e; are assumed to beiid normal random variables with mean zero.

In this somewhat unconventional notation (adopted here to elucidate factor codings and effects), the
componentsX;; 3; are products between arow vector X;; and column vector 3;. This accommodates factors
with more than two possible outcomes. In our case, this can either happen when afactor has more than two
possible values, as with race, or when afactor may change from one image of the subject to another, aswith
Eyes. Table 1 shows our specific encoding for this analysis.

So, for example, with Eyes, the vector [0, 0]* indicates the eyes are open in both images of the subject,
[1,0]" indicates eyes are always closed, and [0, 1] indicates the eyes are open in one image an closed in
another. Note that this encoding does not distinguish which image has the eyes open for the case where the
images differ. Thisisintentional, since the case where there is a change between the images is of interest,
but there is nothing special about the order of the images.

Onecan seein Table 1 that five factors are encoded with a1x1 vector, five are encoded with a2x1 vector,
and one, Race, is encoded with a3x1 vector. The 3;s for the model have one parameter to estimate for each

2\We subtracted 1 so that the ideal outcome corresponded to arank distance of 0.
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Image Specific Covariates

Factor Values Xij

Makeup No No [0, 0]

Yes Yes [1,0]

No Yes [0, 1]

Yes No [0, 1]

Subject Covariates Bangs No No [0, 0]

Factor Values Xij Yes Yes [1,0]
Age Young [0] No Yes [0, 1]
old 1] Yes No [0, 1]

Race White 0,0, 0] Expression | Neutra Neutra | [0, 0]
Asian [1,0,0] Other  Other [1,0]

Black [0,1,0] Neutral Other [0, 1]

Other [0,0,1] Other Neutral | [0, 1]

Gender Male [0] Mouth Closed Closed | [0,0]
Femae 1] Open Open [1,0]

Skin Clear 0] Closed Open | [0,1]
Not Clear 1] Open Closed | [0,1]

Glasses Always No [0] Eyes Open  Open [0, 0]
Always Yes 1] Closed Closed | [1,0]

Facial Hair | No [0] Open Closed | [0, 1]
Yes 1] Closed Open [0, 1]

Table 1: Factor encoding used in the model, equation (7).

element in these vectors, and thus the entire model has 19 parameters to estimate, 18 for the factors plus the
offset 5y. Note that 3, is the regression parameter for our base-case in which all X;; are zero. Reading off
the zeroes in Table 1 shows that the base-case is a young, white, male with clear skin, no glasses, no facial
hair, no makeup, no bangs, aneutral expression, a closed mouth and eyes open.

We did not have sufficient data to estimate interaction effects between covariates, so equation (7) islim-
ited to only additive components.

4.3 Primary Experiment Results

The ANOVA results are summarized in Figure 1. Base-case settings are indicated down the center of the dia-
gram, with the degree and direction of effects noted. Effects are expressed as percent change from base-case,
and rescaled in terms of similarity (1 minus distance) so that positive effects correspond to easier recogni-
tion. Thethreshold of atwo-sided 95% confidence interval isshown asathin vertical line. Solid barsindicate
statistically significant changes in distance measure.

Toillustrate, the pairwise distance between images of subjects always wearing glassesisreduced by 35%
relative to the base-case of subjects not wearing glasses. Inthiscase, thethin vertical lineindicating statistical
significance appears at 9%; thusthe effect is highly significant. A reduction in distance suggests the subjects
are more easily recognized, hence the bar for Glasses Always On is shown on the right side of the chart.

Conversely, consider the subjects whose eyes are open in one image and closed in another. In the base
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Glasses Off Glasses Always On
Age Young Age Oid
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Race White Race Asian
Race African-Amer.
Race Other
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Figure 1. Results of ANOVA for primary FERET subject covariate study.

case, subjects have eyes open in both images. Theeffect for Eyes Open/Closed isthe top black bar onthe side
of Figure 1 corresponding to more difficult recognition, and it indicates a 12% increase in relative distance
between pairs of subjects. Thus, not surprisingly, our study suggests that subjects are significantly harder to
recognizeif the close their eyesin oneimage but not the other. Perhaps more surprising, observe that subjects
whose eyes are always closed are significantly easier to recognize than those whose eyes are always open.

The ANOVA yielded R? = 0.39, indicating that about 39% of the total variation in Mahalanobis metric
distance can be explained by the subject covariates. When compared to baseline runs of the PCA agorithm,
in which about 75% of subjects can be correctly recognized at rank 1, this R? is notable.

4.4 Primary Experiment Conclusions

Some aspects of Figure 1 are of particular interest. Starting with the most significant effect observed, glasses
help face recognition. Thisis perhaps startling, since at least one author has suggested that synthetic removal
of glassesis acritical pre-processing step required to improve face recognition [ZIWO0Q]. It istempting to
invent post hoc explanations for why glasses improve performance, and one intelligent guessis that glasses
are distinguishing features being encoded in the PCA space. Note, it isimplicit for our tests that a subject
wearing glasses is wearing the same pair of glassesin each image. Thisislittle more than a guess, however,
and further empirical work is needed to seeif this results extends to other data sets and to better explain why



the glasses effect is so pronounced.

Another somewhat startling outcome is the race effect. In our set of 1,072 FERET subjects, 720 are
White, 143 are Asian, 121 are African-American and 88 are Other. Relative to the majority of the subjects
(which are White), Asians, African-Americans and Others are all significantly easier to recognize. Thisis
not what we expected going into this experiment. To the contrary, our expectation was that a PCA space
trained primarily on white subjects would favor those subjects. Frul et al. [NFOO02] have observed asimilar
result for a smaller subset of the FERET data and looking only at the distinction between White and Asian.

Another result from Figure 1 worth noting isthe lack of asignificant gender effect. Of the 1, 072 subjects
used in this study, 624 were male and 448 are female. Many researchers engaged in face recognition work
have at one time or another been part of informal discussions of whether men or woman our more easily
recognized, and it isintriguing how often researchers have an opinion on this question.

Thereislittle prior formal evaluation of gender. Oneimportant exception isthework of Grosset a. [RG01].
They report recognition rates of 87.6 for males and 93.7 for femalesusing 1,119 FERET subjects, many of
the same subjects used in our study. The agorithm however isvery different, the results are for the commer-
cialy developed Facelt system [Cor02]. Also, the analytical technique in [RG01] isto compute recognition
rates over whole galleries and compare these: a process notably different than ours. An informed guess as
to why Facelt exhibits a gender bias that PCA does not isthat Facelt is amuch more complicated and conse-
guently tuned algorithm, and apparently thereisagender biasinitstuning. Thereareafew intriguing remarks
in [RGO1] that the gender bias is seen in other algorithms, notably PCA, but there are too few details in the
paper to fully reconstruct what was done and thereby compare it with our own PCA tests.

Finaly, we note a variety of other signficant results are shown in Figure 1, including the result that old
people were significantly easier to recognize than young ones. Perhaps this confirms the old saw that aface
gains character with age.

Looking at the race effect, one might imagine obtaining the result shown in Figure 1 without it directly
trangdlating toimproved recognition performance. Essentialy, one might arguethat Asians, African-Americans
and Others are clustering more tightly due to low representation in the PCA training set. Indeed, one might
raise this concern with any of the results we've found where the “easier” category represents a minority of
the total subjects. In Section 6 we will report on a series of follow up experiments that test and solidly refute
this criticism.

Note one might also, and more generally, be concerned that the results of our initial experiment are flawed
duetothereliance on pairwise distance to predict recognition performance. Asalready suggested inour intro-
duction, thisisa potentialy valid concern, and one that can be addressed by studying how pairwise distance
between images of the same subject relates to rank-distance. This analysis of rank-distance is presented in
the following section, and again the criticism is found to be empirically unsubstantiated.

5 Relating Distanceto Rank Distance

Figure 2 shows the log-log relationship between the Mahal anobis metric distance (Y;) used as our response
variable, and the rank distance (R;) described above which relates directly to recognition rank. Clearly there
isavery strong relationship between these two variables. This is reassuring because it suggests that infer-
ences about subject covariates based on Mahalanobis distance are likely to hold for recognition rank, too.

To further confirm this relationship, we fit alogistic regression to rank 1 recognition: the response vari-
ablewas Z; = 1if R, = 0,and Z; = 0 if R; > 0). The predictor variable was Mahaanobis distance, Y;.
The model can be summarized as Z;|Y; ~ Bernoulli(p;) wherelog(p; /(1 — p;)) = Bo + 51Yi.
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Figure 2: Log-log relationship between rank distance and Mahalanobis metric distance.

Figure 3 shows the results of this model. The individual Z; are shown as hash marks. The smooth line
isthefitted curve, which shows that the probability of arank 1 match decreases sharply with increasing Ma-
halanobis metric distance. In fact, the estimate of 3; is-10585.3 with standard error 809.5, and the negative
relationship between these variables is strongly significant.

Thesameanaysiswascarried out individually for individual groupsof subjects, grouped by race, glasses,
age, skin, and gender. The same conclusion was found in every case. These results effectively refute the
potential criticism of our primary study that our chosen response variabl e is uninformative about recognition
performance of the algorithm.

6 Balance Experiments

Many of theresultsfrom our primary experiment could be explained by arguing that groups of subjects under-
represented in training appear closer in PCA subspace because PCA is proportionally under-representing the
portion of the space in which these groups lie. Consequently, they appear more tightly clustered than do the
majority groupings. If this hypothesisistrue, it would be of considerable concern, since we are drawing the
conclusion that Asians are easy to recognize based upon the decreased average distance between pairs of
images of Asians relative to whites.

To test this hypothesis we repeated the primary experiment with a training data set that was carefully
balanced, so that groups of interest are equally represented. We ran atotal of six additional experiments, bal-
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Figure 3: Results of logistic regression of rank distance on Mahalanobis metric distance.

ancing training on various groupings of one or more variables—race, age, skin or glasses—while controlling
for others. It was not possible to balancing over the eyes factor due to an insufficient number of subjectsin
some categories.

Table 2 summarizes the experiments we conducted. For example, to confirm whether Asians were really
easier to recognize, we balanced Asians and Whites across age. In other words, we chose equal numbers of
young Asians and Whites, and equal numbers of old Asians and Whites. We controlled for three variables
(glasses, eyes, and skin) by limiting consideration to only subjects with open eyes, clear skin, and no glasses.
This balancing and controlling defines a subset of the subjects used in the primary analysis, and the sample
sizes shown in Table 2 reflect the limited numbers of some types of subjects in the dataset. Our balancing
and controlling strategy was designed to provide the largest possible sample sizes in the individua cellsin
Table 2.

Continuing the example of comparing Asians and Whites, we then trained PCA on the 380 images listed
in Table 2. Thus, Asians and Whites were equally represented in the training, and balanced or controlled
on other important covariates. We then projected all 2,144 images into PCA space, computed Mahalanobis
metric distances, and conducted ANOVA modeling as previously. An analogous balancing and controlling
process was conducted for the other factors listed in Table 2.

Of the several ANOVA models wefit to the data from these six experiments, we report here results from
full models identical to (7). In these models, it is important to examine only the effect of the particular
variable for which balancing is being conducted. The experiments confirmed that, adjusting for other fac-
tors, Asians are easier than whites (p-value = 0.0104), African-Americans are easier than whites (p-value =
0.0064), other race members are easier than whites (p-value = 0.0249), old people are easier than young peo-
ple (p-value < 0.0001), other skin people are easier to recognize than clear skin people (p-value = 0.0122),
and subjects with glasses are easier to recognize than subjects without glasses (p-value = 0.0005).

Thus, whether PCA is trained on an imbalanced collection of diverse people (as is likely in many resl
applications), or on acarefully balanced collection of people, our results confirm that some people are easier
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To Test Race
Glasses = Off, Eyes = Open, Skin = Clear
Balance Age Total PCA
Test Compare | Young | OIld | Images | Dimension
: Asian 89 6
Asian White 89 6 380 78
Black 78 16
Black White 78 16 376 102
Other 62 6
Other White 62 6 272 75
To Test Age
Glasses = Off, Eyes = Open, Race = White
Balance Skin Total PCA
Test Compare | Clear | Other | Images | Dimension
Old 131 57
Age Young | 131 | 57 752 130
To Test Skin
Glasses = Off, Eyes = Open, Race = White
Balance Age Total PCA
Test Compare | OIld | Young | Images | Dimension
. Clear 72 57
Skin Other 79 57 516 117
To Test Glasses
Eyes = Open, Race = White, Skin = Clear
Balance Age Total PCA
Test Compare | OIld | Young | Images | Dimension
Off 14 16
Glasses on 14 16 120 50

Table 2: Subject counts, image counts and PCA dimensions for training in the balanced training experiments.
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to recognize than others, and that subj ect-specific covariates can explain asignificant portion of thisvariation.
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