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Figure 4. Panoramic image of the collection room. 14 of the 15 cameras used are highlighted with yellow circles, 17 of the 18 flashes are
highlighted with white boxes with the occluded camera/flash pair being located right in front of the subject in the chair. The monitor visible
to the left was used to ensure accurate positioning of the subject throughout the recording session.
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Figure 5. Example high resolution images of one subject across all four recording session. For session 1 we recorded a smile image in
addition to the neutral image.

3. Data Collection Procedure

We recorded data during four sessions over the course
of six months. During each session we recorded a single
neutral high resolution frontal image. In addition, during
the first session an additional image showing the subjects
smiling was recorded. Figure 5 shows all high resolution
images from one subject for sessions 1 through 4.

After the recording of the high resolution images, sub-
jects were taken inside the collection room and seated in
a chair. The height of the chair was adjusted so that the
head of the subject was between camera 11 0 and cam-
era 24 0. We used two live monitors attached to cameras
11 0 and 05 1 to ensure correct head location of the sub-
jects throughout the recording procedure. In each session,
multiple image sequences were recorded, for which subjects
were instructed to display different facial expressions. Sub-
jects were shown example images of the various expressions
from the Cohn-Kanade database [7] immediately prior to
the recording. Table 2 lists the expressions captured in each

session. Figure 6 shows example images for all facial ex-
pressions contained in the database.

For each camera 20 images were captured within 0.7
seconds: one image without any flash illumination, 18 im-
ages with each flash firing individually, and then another
image without any flash illumination. Taken across all cam-
eras a total of 300 images were captured for each sequence.
See Figure 7 for a montage of all 15 camera views shown
with frontal flash illumination. Unlike in the previous PIE
database [13] the room lights were left on for all record-
ings. Flash-only images can be obtained through simple
image differencing of flash and non-flash images as shown
in Figure 8. Due to the rapid acquisition of the flash images
subject movement between images is neglectible.

4. Database Statistics

In total, the Multi-PIE database contains 755,370 images
from 337 different subjects. Individual session attendance
varied between a minimum of 203 and a maximum of 249
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3 EXPERIMENTAL RESULTS

In this section, we present and discuss each of the afore-
mentioned face recognition techniques using two different
databases. Because of the specific hypotheses that we
wanted to test about the relative performance of the consid-
ered algorithms, many of the standard databases were in-
appropriate. So, we have used a database from the Harvard
Robotics Laboratory in which lighting has been systemati-
cally varied. Secondly, we have constructed a database at
Yale that includes variation in both facial expression and
lighting. 

1

3.1 Variation in Lighting

The first experiment was designed to test the hypothesis
that under variable illumination, face recognition algo-
rithms will perform better if they exploit the fact that im-
ages of a Lambertian surface lie in a linear subspace. More
specifically, the recognition error rates for all four algo-
rithms described in Section 2 are compared using an im-
age database constructed by Hallinan at the Harvard Ro-
botics Laboratory [14], [15]. In each image in this data-
base, a subject held his/her head steady while being illu-
minated by a dominant light source. The space of light
source directions, which can be parameterized by spheri-
cal angles, was then sampled in 15! increments. See Fig. 3.
From this database, we used 330 images of five people (66
of each). We extracted five subsets to quantify the effects
of varying lighting. Sample images from each subset are
shown in Fig. 4.

Subset 1 contains 30 images for which both the longitudi-
nal and latitudinal angles of light source direction are
within 15! of the camera axis, including the lighting

1. The Yale database is available for download from http://cvc.yale.edu.

direction coincident with the camera’s optical axis.
Subset 2 contains 45 images for which the greater of the

longitudinal and latitudinal angles of light source di-
rection are 30! from the camera axis.

Subset 3 contains 65 images for which the greater of the
longitudinal and latitudinal angles of light source di-
rection are 45! from the camera axis.

Subset 4 contains 85 images for which the greater of the
longitudinal and latitudinal angles of light source di-
rection are 60! from the camera axis.

Subset 5 contains 105 images for which the greater of the
longitudinal and latitudinal angles of light source di-
rection are 75! from the camera axis.

For all experiments, classification was performed using a
nearest neighbor classifier. All training images of an indi-

Fig. 3. The highlighted lines of longitude and latitude indicate the light
source directions for Subsets 1 through 5. Each intersection of a lon-
gitudinal and latitudinal line on the right side of the illustration has a
corresponding image in the database.

Fig. 4. Example images from each subset of the Harvard Database used to test the four algorithms.
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Sun prior

Data-driven sampling (6 million images)
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Cue combination
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Reviewer Rating   
Pros: 

1.  A novel approach to tackle a very hard problem. 

2.  Convincing results. 

Cons: 

1.  Heavy use of heuristics. 

2.  Exposition is poor. 

Overall rating: 2/5 


