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Abstract

Within the past decade, major advances have occurred
in face recognition. With few exceptions, however, most re-
search has been limited to training and testing on frontal
views. Little is known about the extent to which face
pose, illumination, expression, occlusion, and individual
differences, such as those associated with gender, influence
recognition accuracy. We systematically varied these fac-
tors to test the performance of two leading algorithms, one
template based and the other feature based. Image data
consisted of over 21000 images from 3 publicly available
databases: CMU PIE, Cohn-Kanade, and AR databases.
In general, both algorithms were robust to variation in illu-
mination and expression. Recognition accuracy was highly
sensitive to variation in pose. For frontal training images,
performance was attenuated beginning at about 15 degrees.
Beyond about 30 degrees, performance became unaccept-
able. For non-frontal training images, fall off was more
severe. Small but consistent differences were found for in-
dividual differences in subjects. These findings suggest di-
rection for future research, including design of experiments
and data collection.

1. Introduction

Is face recognition a solved problem? Over the last 30
years face recognition has become one of the best studied
pattern recognition problems with a nearly intractable num-
ber of publications. Many of the algorithms have demon-
strated excellent recognition results, often with error rates
of less than 10 percent. These successes have led to the
development of a number of commercial face recognition
systems. Most of the current face recognition algorithms
can be categorized into two classes, image template based

or geometry feature-based. The template based methods [1]
compute the correlation between a face and one or more
model templates to estimate the face identity. Statistical
tools such as Support Vector Machines (SVM) [30, 21],
Linear Discriminant Analysis (LDA) [2], Principal Compo-
nent Analysis (PCA) [27, 29, 11], Kernel Methods [25, 17],
and Neural Networks [24, 7, 12, 16] have been used to con-
struct a suitable set of face templates. While these templates
can be viewed as features, they mostly capture global fea-
tures of the face images. Facial occlusion is often difficult
to handle in these approaches.

The geometry feature-based methods analyze explicit lo-
cal facial features, and their geometric relationships. Cootes
et al. have presented an active shape model in [15] extend-
ing the approach by Yuille [34].Wiskott et al. developed
an elastic Bunch graph matching algorithm for face recog-
nition in [33]. Penev et. al [22] developed PCA into Lo-
cal Feature Analysis (LFA). This technique is the basis for
one of the most successful commercial face recognition sys-
tems, FaceIt.

Most face recognition algorithms focus on frontal facial
views. However, pose changes can often lead to large non-
linear variation in facial appearance due to self-occlusion
and self-shading. To address this issue, Moghaddam and
Pentland [20] presented a Bayesian approach using PCA as
a probability density estimation tool. Li et al. [17] have
developed a view-based piece-wise SVM model for face
recognition. In the feature based approach, Cootes et al. [5]
proposed a 3D active appearance model to explicitly com-
pute the face pose variation. Vetter et at. [32, 31] learn
a 3D geometry-appearance model for face registration and
matching. However, today the exact trade-offs and limita-
tion of these algorithms are relatively unknown.

To evaluate the performance of these algorithms, Phillips
et. al. have conducted the FERET face algorithm tests [23],
based on the FERET database which now contains 14,126



images from 1,199 individuals. More recently the Facial
Recognition Vendor Test [3] evaluated commercial systems
using the FERET and HumanID databases. The test results
have revealed that important progress has been made in face
recognition, and many aspects of the face recognition prob-
lems are now well understood. However, there still remains
a gap between these testing results and practical user ex-
periences of commercial systems. While this gap can, and
will, be narrowed through the improvements of practical de-
tails such as sensor resolution and view selection, we would
like to understand clearly the fundamental capabilities and
limitations of current face recognition systems.

In this paper, we will conduct a series of tests using two
state of art face recognition systems on three newly con-
structed face databases to evaluate the effect of face pose,
illumination, facial expression, occlusion and subject gen-
der on face recognition performance.

The paper is organized as follows. We describe the three
database used in our evaluation in Section 2. In Section
3 we introduce the two algorithms we used for our eval-
uations. The experimental procedures and results are pre-
sented in Section 4, and we conclude in Section 5.

2. Description of Databases

2.1. Overview

Table 1 gives an overview of the databases used in our
evaluation.

CMU PIE Cohn-Kanade AR DB
Subjects 68 105 116
Poses 13 1 1
Illuminations 43 3 3
Expressions 3 6 3
Occlusion 0 0 2
Sessions 1 1 2

Table 1. Overview over databases.

2.2. CMU Pose Illumination Expression (PIE)
database

The CMU PIE database contains a total of 41,368 images
taken from 68 individuals [26]. The subjects were imaged
in the CMU 3D Room [14] using a set of 13 synchronized
high-quality color cameras and 21 flashes. The resulting
images are 640x480 in size, with 24-bit color resolution.
The cameras and flashes are distributed in a hemisphere in
front of the subject as shown in Figure 1.

A series of images of a subject across the different poses
is shown in Figure 2. Each subject was recorded under 4
conditions:

1. expression: the subjects were asked to display a neutral
face, to smile, and to close their eyes in order to simu-
late a blink. The images of all 13 cameras are available
in the database.

2. illumination 1: 21 flashes are individually turned on
in a rapid sequence. In the first setting the images
were captured with the room lights on. Each camera
recorded 24 images, 2 with no flashes, 21 with one
flash firing and then a final image with no flashes. Only
the output of three cameras (frontal, three-quarter and
profile view) was kept.

3. illumination 2: the procedure for theillumination 1
was repeated with the room lights off. The output of
all 13 cameras was retained in the database. Combin-
ing the two illumination settings, a total of 43 different
illumination conditions were recorded.

4. talking: subjects counted starting at 1. 2 seconds (60
frames) of them talking were recorded using 3 cameras
as above (again frontal, three-quarter and profile view).

Figure 3 shows examples for illumination conditions 1 and
2.

2.3. Cohn-Kanade AU-Coded Facial Expression
Database

This is a publicly available database from Carnegie Mel-
lon University [13]. It contains image sequences of facial
expression from men and women of varying ethnic back-
grounds. The camera orientation is frontal. Small head mo-
tion is present. Image size is 640 by 480 pixels with 8-bit
gray scale resolution. There are three variations in light-
ing: ambient lighting, single-high-intensity lamp, and dual
high-intensity lamps with reflective umbrellas. Facial ex-
pressions are coded using the Facial Action Coding System
[8] and also assigned emotion-specified labels. For the cur-
rent study, we selected 714 image image sequences from
105 subjects. Emotion expressions included happy, sur-
prise, anger, disgust, fear, and sadness. Examples for the
different expressions are shown in Figure 4.

2.4. AR Face Database

The publicly available AR database was collected at the
Computer Vision Center in Barcelona [19]. It contains im-
ages of 116 individuals (63 males and 53 females). The
images are 768x576 pixels in size with 24-bit color resolu-
tion. The subjects were recorded twice at a 2-week interval.
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Figure 1. PIE database camera positions. (a) 13 synchro-
nized video cameras capture face images from multiple an-
gles, 21 controlled flash units are evenly distributed around
the cameras. (b) A plot of the azimuth (�) and altitude (�)
angles of the cameras, along with the camera ID number.
9 of the 13 cameras sample a half circle at roughly head
height ranging from a full left to a full right profile view(+/-
60 degrees); 2 cameras were placed above and below the
central camera; and 2 cameras were positioned in the cor-
ners of the room.

During each session 13 conditions with varying facial ex-
pressions, illumination and occlusion were captured. Figure
5 shows an example for each condition.

3. Face Recognition Algorithms

3.1. MIT, Bayesian Eigenface

Moghaddam et. al. generalize the Principal Component
Analysis (PCA) approach of Sirovich and Kirby [28] and
Turk and Pentland [29] by examining the probability dis-
tribution of intra-personalvariations in appearance of the
same individual andextra-personalvariations in appearance
due to difference in identity. This algorithm performed con-
sistently near the top in the 1996 FERRET test [23].

Given two face images,I1; I2, let � = I1 � I2 be the
image intensity difference between them, we would like to

c25 c25

c22 c02 c37 c05 c27

c07

Figure 2. Pose variation in the PIE database. 8 of 13 cam-
era views are shown here. The remaining 5 camera poses
are symmetrical to the right side of camera c27.

Figure 3. Illumination variation in the PIE database. The
images in the first row show faces recorded with room lights
on, the images in the second row show faces captured with
only flash illumination.

estimate the posterior probability ofP (
ij�), where
i is
the intra-personal variation of subjecti. According to Bayes
rule, we can rewrite it as:
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i)P (
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E)P (
E)
; (1)

where
E is the extra-personal variation of all the subjects.
To estimate the probability density distributionsP (�j
 i)
andP (�j
E), PCA is used to derived a low (M) dimen-
sion approximation of the measured feature space� 2
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whereyi; �i are the eigenvectors and eigenvalues in the M
dimensional principal component space, and�(�) is the
residual error.

The algorithm finds the subject classi which maxi-
mizes the posteriorP (
ij�). Unlike FaceIt’s algorithm,



Figure 4. Cohn-Kanade AU-Coded Facial Expression
database. Examples of emotion-specified expressions from
image sequences.

this is a mostly template based classification algorithm, al-
though some local features are implicitly encoded through
the “Eigen” intra-personal and extra-personal images.

3.2. Visionics, FaceIt

FaceIt’s recognition module is based on Local Feature
Analysis (LFA) [22]. This technique addresses two major
problems of Principal Component Analysis. The applica-
tion of PCA to a set of images yields a global representa-
tion of the image features that is not robust to variability
due to localized changes in the input [10]. Furthermore the
PCA representation is non topographic, so nearby values in
the feature representation do not necessarily correspond to
nearby values in the input. LFA overcomes these problems
by using localized image features in form of multi-scale
filters. The feature images are then encoded using PCA
to obtain a compact description. According to Visionics,
FaceIt is robust against variations in lighting, skin tone, eye
glasses, facial expression and hair style. They furthermore
claim to be able to handle pose variations of up to 35 de-
grees in all directions. We systematically evaluated these
claims.

4. Evaluation

Following Phillips et. al. [23] we distinguish between
gallery andprobeimages. The gallery contains the images
used during training of the algorithm. The algorithms are
tested with the images in the probe sets. All results reported
here are based on non-overlapping gallery and probe sets
(with the exception of the PIE pose test). We use theclosed
universemodel for evaluating the performance, meaning
that every individual in the probe set is also present in the
gallery. The algorithms were not given any further informa-
tion, so we only evaluate the face recognition, not the face

01
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05 06 07

08 09 10

11 12 13

Figure 5. AR database. The conditions are: (1) neu-
tral, (2) smile, (3) anger, (4) scream, (5) left light on, (6)
right light on, (7) both lights on, (8) sun glasses, (9) sun
glasses/left light (10) sun glasses/right light, (11) scarf, (12)
scarf/left light, (13) scarf/right light

verification performance.

4.1. Face localization and registration

Face recognition is a two step process consisting of face
detection and recognition. First, the face has to be located in
the image and registered against an internal model. The re-
sult of this stage is a normalized representation of the face,
which the recognition algorithm can be applied to. In order
to ensure the validity of our findings in terms of face recog-
nition accuracy, we provided both algorithms with correct
locations of the left and right eyes. This is done by apply-
ing FaceIt’s face finding module with a subsequent manual
verification of the results. If the initial face position was
incorrect, the location of the left and right eye was marked
manually and the face finding module is rerun on the im-
age. The face detection module became more likely to fail
as departure from the frontal view increased.

4.2. Pose

Using the CMU PIE database we are in the unique po-
sition to evaluate the performance of face recognition algo-
rithms with respect to pose variations in great detail. We
exhaustively sampled the pose space by using each view



in turn as gallery with the remaining views as probes. As
there is only a single image per subject and camera view in
the database, the gallery images are included in the probe
set. Table 2 shows the complete pose confusion matrix for
FaceIt. Of particular interest is the question how far the al-
gorithm can generalize from given gallery views.

Two things are worth noting. First, FaceIt has a reason-
able generalizability for frontal gallery images: the recogni-
tion rate drops to the 70%-80% range for 45 degree of head
rotation (corresponds to camera positions 11 and 37 in Fig-
ure 1 ). Figure 6 shows the recognition accuracies of the
different camera views for a mugshot gallery view.
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Figure 6. Recognition accuracies of all cameras for the
mugshot gallery image. The recognition rates are plotted on
the pose positions shown in figure 1(b). The darker color in
the lower portion of the graph indicates higher recognition
rate. The square box marks the gallery view.

Second, for most non-frontal views (outside of the 40
degree range), face generalizability goes down drastically,
even for very close by views. This can be seen in Figure
7. Here the recognition rates are shown for the two profile
views as gallery images. The full set of performance graphs
for all 13 gallery views is shown in appendix A.

We then asked the question, if we can gain more by in-
cluding multiple face poses in the gallery set? Intuitively,
given multiple face poses, with correspondence between the
facial features, one can have a better chance of predicting
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Figure 7. Recognition accuracies of all cameras for the
two profile poses as gallery images (cameras 34 and 22 in
1b).



� -66 -47 -46 -32 -17 0 0 0 16 31 44 44 62
� 3 13 2 2 2 15 2 1.9 2 2 2 13 3

Probe Pose c34 c31 c14 c11 c29 c09 c27 c07 c05 c37 c25 c02 c22
Gallery Pose

c34 1.00 0.03 0.01 0.00 0.00 0.03 0.04 0.00 0.01 0.03 0.01 0.00 0.01
c31 0.01 1.00 0.12 0.16 0.15 0.09 0.04 0.06 0.04 0.03 0.06 0.00 0.01
c14 0.04 0.16 1.00 0.28 0.26 0.16 0.19 0.10 0.16 0.04 0.03 0.03 0.01
c11 0.00 0.15 0.29 1.00 0.78 0.63 0.73 0.50 0.57 0.40 0.09 0.01 0.03
c29 0.00 0.13 0.22 0.87 1.00 0.75 0.91 0.73 0.68 0.44 0.03 0.01 0.03
c09 0.03 0.01 0.09 0.68 0.79 1.00 0.95 0.62 0.87 0.57 0.09 0.01 0.01
c27 0.03 0.07 0.13 0.75 0.93 0.94 1.00 0.93 0.93 0.62 0.06 0.03 0.03
c07 0.01 0.07 0.12 0.38 0.70 0.57 0.87 1.00 0.73 0.35 0.03 0.03 0.00
c05 0.01 0.03 0.13 0.54 0.65 0.75 0.91 0.75 1.00 0.66 0.09 0.01 0.03
c37 0.00 0.03 0.04 0.37 0.35 0.43 0.53 0.23 0.60 1.00 0.10 0.04 0.00
c25 0.00 0.01 0.01 0.06 0.04 0.07 0.04 0.03 0.06 0.07 0.98 0.04 0.04
c02 0.00 0.01 0.03 0.03 0.01 0.01 0.01 0.04 0.01 0.01 0.04 1.00 0.03
c22 0.00 0.01 0.01 0.01 0.01 0.03 0.03 0.03 0.03 0.04 0.03 0.00 1.00

Table 2. Confusion table for pose variation. Each row of the confusion table shows the recognition rate on each of the probe poses
given a particular gallery pose. The camera pose, indicated by its azimuth(�) and altitude(�) angle was shown in Figure 1.

novel face poses. This test is carried out by taking two sets
of face poses,f11; 27; 37g, andf05; 27; 29g as gallery and
test on all other poses. The results are presented in Table 3.

Probe Pose 02 05 07 09 11 14 22 25 27 29 31 34 37
Gallery Pose

11-27-37 0.01 0.99 0.91 0.93 1.0 0.35 0.01 0.1 1.0 0.91 0.19 0.0 1.0
05-27-29 0.01 1.0 0.90 0.91 0.88 0.24 0.01 0.1 1.0 1.0 0.12 0.01 0.66

Table 3. Pose variation. Recognition rates for FaceIt with
multiple poses in the gallery set.

An analysis of the results, shown in Figure 8, indicates
that with this algorithm, no additional gain is achieved
through multiple face gallery poses. This suggests that 3D
face recognition approaches could have an advantage over
naive integration of multiple face poses, such as in the pro-
posed 2D statistical SVM or related non-linear Kernel meth-
ods.

We conducted the same set of experiments using the MIT
algorithm. The results are much worse than FaceIt’s even
with manual identification of the eyes. We suspect that this
might be due to the extreme sensitivity of the MIT algorithm
to face registration errors.

4.3. Illumination

For this test, the PIE and AR databases are used. We
found that both algorithms performed significantly better on
the illumination images than under the various pose condi-
tions. Table 4 shows the recognition accuracies of FaceIt
and the MIT algorithm on both databases. As described in
section 2.2 the PIE database contains two illumination sets.

The images in setillumination 1were taken with the room
lights on. The mugshot gallery images did not have flash
illumination. For theillumination 2set of images the room
light was switched off. The illumination for the gallery im-
ages was provided by a flash directly opposite of the sub-
ject’s face. In each case the probe set was made up by the
remaining flash images (21 and 20 images respectively). As
can be expected, the algorithms perform better in the first
test.

Illumination
PIE 1 PIE 2 AR 05 AR 06 AR 07

FaceIt 0.97 0.91 0.95 0.93 0.86
MIT 0.94 0.72 0.77 0.74 0.72

Table 4. Illumination results. PIE 1 and 2 refer to
the two illumination conditions described in section 2.2.
fAR05,AR06,AR07g are thefleft,right,bothg light on con-
ditions in the AR database as shown in Figure 5

The results on the PIE database are consistent with the
outcome of the experiments on the AR database. Here the
images 5 through 7 deal with different illumination condi-
tions, varying the lighting from the left- and right sides to
both lights on.

While these results lead one to conclude that face recog-
nition under illumination is a solved problem, we would like
to caution that the illumination change could still cause a
major problem when it is coupled other changes (expres-
sion, pose, etc.).
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Figure 8. Multiple poses gallery vs. multiple single pose
gallery. Subplots a1 and a2 show the recognition rate with
gallery pose 11. With a single gallery image, the algorithm
is able to generalize to nearby poses. Subplots bf1,2g and
cf1,2g show the recognition rates for poses 27 and 37. Sub-
plots df1,2g show the recognition rates with gallery pose of
f11,27,37g. One can see df1,2g is the same as taking the
maximum values in a-cf1,2g. In this case no additional gain
is achieved by using the joint setf11,27,37g as the gallery
poses.

4.4. Expression

Faces undergo large deformations under facial expres-
sions. Humans can easily handle this variation, but we ex-
pected the algorithms to have problems with the expression
databases. To our surprise FaceIt and MIT performed very
well on the Cohn-Kanade and the AR database. In each test
we used the neutral expression as gallery image and probed
the algorithm with the peak expression.

Expression
Cohn-Kanade AR 02 AR 03 AR 04

FaceIt 0.97 0.96 0.93 0.78
MIT 0.94 0.72 0.67 0.41

Table 5. Expression results. AR 02, AR 03 and AR 04
refer to the expression changes in the AR database as shown
in figure 5. Both algorithms perform reasonably well under
facial expression, however the “scream” expression, AR 04,
produces large recognition errors.

Table 5 shows the results of both algorithms on the two
databases. The notable exception is thescream(AR04) set
of the AR database.

For most facial expressions, the facial deformation is
centered around the lower part of the face. This might
leave sufficient invariant information in the upper face for
recognition, which results in a high recognition rate. The
expression “scream” has effects on both the upper and the
lower face appearance, which leads to a significant fall off
in the recognition rate. This indicates that 1) face recog-
nition under extreme facial expression still remains an un-
solved problem, and 2) temporal information can provide
significant additional information in face recognition under
expression.

4.5. Occlusion

For the occlusion tests we look at images where parts of
the face are invisible for the camera. The AR database pro-
vides two scenarios: subjects wearing sun glasses and sub-
jects wearing a scarf around the lower portion of the face.
The recognition rates for the sun glass images are accord-
ing to expectations. As Table 6 shows, FaceIt is unable to
handle this variation (AR08). The result further deterio-
rates when the left or right light is switched on (AR09 and
AR10). This result is readily replicated on the images of the
second session.

This test reveals that FaceIt is more vulnerable to upper
face occlusion than the MIT algorithm. Facial occlusion,
particularly upper face occlusion, remains a difficult prob-
lem yet to be solved. Interesting open questions are 1) what



Occlusion
AR 08 AR 09 AR 10 AR 11 AR 12 AR13

FaceIt 0.10 0.08 0.06 0.81 0.73 0.71
MIT 0.34 0.35 0.28 0.46 0.43 0.40

Table 6. Occlusion results. AR08, AR09, AR10 refer to
the upper facial occlusions, and AR11, AR12, AR13 refer
to the lower facial occlusions as shown in figure 5. Upper
facial occlusion causes a major drop in recognition rates.

are the fundamental limits of any recognition system under
various occlusions, and 2) to what extend can other addi-
tional facial information, such as motion, provide the nec-
essary help for face recognition under occlusion.

4.6. Gender

Male and female faces differ in both local features and
in shape [4]. Men’s faces on average have thicker eye-
brows and greater texture in the beard region. In women’s
faces, the distance between the eyes and brows is greater,
the protuberance of the nose smaller, and the chin nar-
rower than in men [4]. People readily distinguish male
from female faces using these and other differences (e.g.,
hair style), and connectionist modeling has yielded similar
results [6, 18]. Little is known, however, about the sen-
sitivity of face identification algorithms to differences be-
tween men’s and women’s faces. The relative proportions
of men and women in training samples is seldom reported,
and identification results typically fail to report whether al-
gorithms are more or less accurate for one sex or the other.
Other factors that may influence identification, such as dif-
ferences in face shape between individuals of European,
Asian, and African ancestry [4, 9], have similarly been ig-
nored in past research.

We evaluated the influence of gender on face recogni-
tion algorithms on the AR database due to its balanced ratio
between the female and male subjects. Figure 9 shows the
recognition rate achieved by FaceIt across the 13 variations
including illumination, occlusion, and expression.

The results reveal a surprising trend: better recognition
rates are consistently achieved for female subjects. Aver-
aged across the conditions (excluding the tests AR08-10
where FaceIt breaks down) the recognition rate for male
subjects is 83.4%, while the recognition rate for female sub-
jects is 91.66%. It is not clear what has caused this effect.
To further validate this result, a much larger database is
needed.

If this result is further substantiated, it opens up many
interesting questions on face recognition. In particular it
raises the questions: 1) what makes one face easier to recog-

nize than another, and 2) are there face classes with similar
recognizability.

01 02 03 04 05 06 07 08 09 10 11 12 13
0

0.5

1
ARDB Male/Female  

Figure 9. ARDB results male vs. female. The dashed
line indicates the recognition rate for male subjects in the
AR database shown in figure 5.

5. Discussion

In natural environments, pose, illumination, expression,
occlusion and individual difference among people repre-
sent critical challenges to face recognition algorithms. The
FERET tests [23] and the Facial Recognition Vendor Test
2000 [3] provided initial results on limited variations of
these factors.

FaceIt and the MIT algorithm were overall the best per-
former in these tests. We evaluated both algorithms on mul-
tiple independent databases thatsystematicallyvary pose,
illumination, expression, occlusion, and gender. We found:

1. Pose:Pose variation still presents a challenge for face
recognition. Frontal training images have better gener-
alizability to novel views than do non-frontal training
images. For a frontal training view, we can achieve
reasonable recognition rates of 70-80% for up to 45
degree head rotation. In addition, using multiple train-
ing views does not necessarily improve the recognition
rate.

2. Illumination: Pure illumination changes on the face
are handled well by current face recognition algo-
rithms.

3. Expression: With the exception of extreme expres-
sions such as scream, the algorithms are relatively ro-
bust to facial expression. Deformation of the mouth



and occlusion of the eyes by eye narrowing and clos-
ing present a problem to the algorithms.

4. Occlusion: The performance of the face recognition
algorithms under occlusion varies. FaceIt is more sen-
sitive to upper face occlusion than MIT. FaceIt is more
robust to lower face occlusion.

5. Gender:We found surprisingly consistent differences
of face recognition rates across the gender. This result
is based on testing on the AR database which has 70
male and 60 female subjects. On average the recog-
nition rate for females is consistently about 5% higher
than for males, across a range of perturbation. While
the database used in these tests is too small to draw
general conclusions it points into an interesting direc-
tion for future research and database collections.

The current study has several limitations. One, we
did not examine the effect of face image size on al-
gorithm performance in the various conditions. Mini-
mum size thresholds may well differ for various per-
mutations, which would be important to determine.
Two, the influence of racial or ethnic differences on
algorithm performance could not be examined due to
the homogeneity of racial and ethnic backgrounds in
the databases. While large databases with ethnic varia-
tion are available, they lack the parametric variation in
lighting, shape, pose and other factors that were the fo-
cus of this investigation. Three, faces change dramat-
ically with development, but the influence of change
with development on algorithm performance could not
be examined. Fourth, while we were able to exam-
ine the combined effects of some factors, databases
are needed that support examination of all ecologically
valid combinations, which may be non-additive. The
results of the current study suggest that greater atten-
tion be paid to the multiple sources of variation that
are likely to affect face recognition in natural environ-
ments.

A. Appendix

The following figures show the recognition rates for all
camera views in turn as gallery images. They are ordered
according to the camera numbers roughly going from left to
right in Figure 1.
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