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Abstract

The accuracy of feature-based human face recog-
nition is inherently dependent upon the correct-
ness of the identification of the facial features. But
the extent and details of this dependence are not
known. In this paper, we attempt to develop a ba-
sic methodology that can be used to discover how
sensitive the recognition process is to inaccuracies
in facial feature detection from front-view id-type
images.

1 Introduction

Automatic face recognition has many potential ap-
plications (e.g. authentication for security purposes
or automatic teller machines) and has therefore gen-
erated much research interest. The two basic recog-
nition approaches are face-based and feature-based.
For face-based recognition, the entire image is an-
alyzed as a two dimensional intensity function us-
ing some standard statistical techniques or a neural
network (16, 1]. Feature-based recognition involves
taking measurements of the individual constituents
and contours of the face [14, 3, 10, 6, 13, 5, 17, 15].
While the ability to automatically detect facial fea-
tures is crucial for feature-based recognition, it is
also helpful in face-based recognition because the
feature locations can be used to normalize size and
orientation of the face.

In order for recognition to be successful, accurate
and robust facial feature detection algorithms are
needed. Although much research has been done in
the areas of feature detection and recognition (us-
ing mostly manually detected features), the impor-
tant connection between the two has received less
attention. One question left unanswered is: How
precisely do we need to locate each constituent and
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contour in order to correctly recognize an individ-
ual?

Our previous work involved a speculation / con-
firmation system of modules to detect facial con-
stituents and contours [4, 11]. We subjectively
Judged our results by visually determining the ac-
curacy of each feature detected. Although this pro-
vides a good starting point for determining the suc-
cess of each feature detection module, it would be
much more helpful to know how accurate each mod-
ule needs to be for successful face recognition.

Therefore, the main purpose of the current ex-
periment is to attempt to develop and apply a basic
methodology based on our current feature detection
modules (eyes, mouth, cheeks, and chin) involving
a) extracting measurements from the detected fea-
tures, b) gauging how tolerant the face recognition
process is to inaccuracies in these measurements
(and therefore, in facial feature detection), and c)
Jjudging the current automatic facial feature detec-
tion results based on this tolerance in order to build
a basis for future improvements and directions.

2 Analysis of feature detec-
tion accuracy requirement

Here we begin the development of our methodology
for exploring the accuracy requirements of facial fea-
ture detection. This section describes the input to
the processes (including images and face measure-
ments), the clustering and recognition techniques.
and the observed effects of measurement inaccura-
cies.
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2.1 Data preparation and methods

Image database

We expanded the face image database from our pre-
vious experiments [4, 11] (consisting of 84 images
scanned from video) to bring the number of avail-
able grayscale images to 333 (all of a 256 x 256 res-
olution). The additional 249 images were scanned
from a 1960 high school yearbook and consist en-
tirely of young people without any facial hair or
glasses. Different races are represented throughout
the database and face orientation does vary, but
the image backgrounds are consistently plain (ex-
cept for a handful of cases) and the size of the faces
is relatively similar.

In general, the quality of the yearbook images
is lower than that of the original database images.
The yearbook images are faded and often have less
defined edges. The subjects in the yearbook images
also have a wider variety of facial expressions (in-
cluding many more open-mouthed smiles than our
old set of images) and head tilt angles.

In the remainder of this paper, the “Book” im-
age set will refer to the images scanned in from the
yearbook. The 84 images used in our previous ex-
periments will be referred to as “Lab” because the
images were taken in our lab.

Features and measurements

In pattern recognition and computer vision litera-
ture, some terms have different meanings in differ-
ent contexts. In order to avoid confusion, we define
our use of the terms below.

face constituents The eyes and the mouth.

face contours The cheeks and the chin.

facial features Both the constituents and the con-
tours combined.

face measurements Distances (and possibly an-
gles) computed from facial features.

measurement selection Choosing a set of mea-
surements to be used in recognition.

Manual identification of facial features in each
image was performed in order to give a consistent
measurement database for use with clustering and
recognition. Based on the available features, we
chose to take the measurements shown in Figure 1
for each face image. The numbers in the figure cor-
respond to the following:

1. width of left eye
2. width of right eye
3. amount left eye is open
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Figure 1: Depiction of face measurements used.

. amount right eye is open

. width of mouth

. right side of left eye to left side of mouth

. left side of right eye to right side of mouth
. left side of left eye to left cheek

9. left side of mouth to left cheek

10. right side of right eye to right cheek

11. right side of mouth to right cheek

12. middle of mouth to chin

All measurements are calculated relative to the
distance between the two eye iris centers (which is
often used in the literature [2]) and are simple Eu-
clidean measures. Notice that the curvature of the
chin was not used (although our automatic detec-
tion algorithm does calculate it) due to the difficul-
ties involved in manually identifying it.

00 ~ O O W

All measurements could exhibit some variety in
a group of pictures taken of the same person. As
more measurements are used, small changes in a
subset of the measurements should have less of an
effect on the recognition process. Nevertheless, it is
important to use an image that is as normalized as
possible in facial expression and head angle.

Measurements 6 through 12 should give some in-
formation about the relative shape of the face in
certain areas. As well, measurements 6 and 7 to-
gether will indicate the relative angles of the eyes
and mouth.

Since many of the images from the yearbook con-
tained open-mouthed smiles, the thickness of the
mouth and the lips was not used in our experiments.
The current mouth detection routines are designed
to process closed mouths only, but normally the
endpoints of the mouth could still be found.

Vision Interface ‘95



Partitioning and recognition methods

Each of the 333 images is considered as a pattern
consisting of the face measurements. This pattern
set is partitioned using squared-error pattern clus-
tering and each pattern is labeled uniquely accord-
ing to its final partition [9, 12].

For each partitioning result, the following ratio is
calculated:

Ep,‘,pj in same cluster d(p,' ) pi)

V= 3
ZP;,P;‘ in different clusters d(Pi,Pj)

where p; and p; are measurement patterns and
d(pi, pj) is the Euclidean distance between pattern
i and pattern j. The numerator of this ratio repre-
sents the tightness (or compactness) of the clusters
and the denominator represents the cluster isola-
tion. The V ratio quantifies the validity of the par-
titioning.

Each cluster was split evenly and randomly into
two groups of patterns for recognition purposes: one
for training and one for testing. A simple nearest
neighbor rule is used in recognition, that is, each
testing pattern takes the label of its nearest train-
ing pattern neighbor. At the end of the recognition
phase, the recognition rate is defined as the percent-
age of testing patterns that are placed in the correct
cluster.

Selection of suitable face measurements

Because of the relatively small size of the database
and the limited measurement method, patterns de-
fined by 16 different combinations of measurements,
each using a subset of the original 12, were con-
figured to obtain reasonable recognition results. In
general, fewer measurements produced better recog-
nition rates, but would also increase the likelihood
of multiple images of the same person being placed
in different clusters. In order to prepare the pat-
terns for error analysis, we examined the cluster-
ing and recognition results for the 16 measurement
combinations using from 4 to 8 clusters. In order
for us to have considered using the data for subse-
quent analysis, it must have produced a) a low V
ratio from clustering, b) relatively even-sized clus-
ters, ¢) multiple images of the same person together
in one cluster (4 people had multiple images), and
d) a high recognition rate.

From these results, the three parameter settings
described in Table 1 were chosen to be used in mea-
surement error analysis. All gave even-sized clus-
ters.
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Table 1: The three chosen measurement combina-
tions.

Setting Measurements V Ratio Recog. Rate (%)
1 1,2,3,4,8,9,10,11 0.169 85.5
Y 1,2,8,9,10,11 0.162 83.6
3 1,2,3,4,8,9,10,11,12 0.136 80.6

Table 2: Sensitivity of recognition to individual
measurements.

Setting Most to least Most to least
sensitive with sensitive with
decrease in increase in
measurement measurement
* 9,10,1,11,8,2,4,3 9,11,8,10,1,2,3,4
2 9,10,1,8,11,2 9,11,8,10,2,1
3 9,12,2,10,11,8,1,4,3 9,11,12,8,10,2,1,4,3

2.2 Effects of measurement inaccura-
cies on face recognition

This section describes the development of the
methodology for analysing the effects of measure-
ment inaccuracies on recognition success. Note that
all 333 images were involved in this analysis.

For each set of measurements chosen in Table 1,
we perturbed each individual measurement and cer-
tain groups of measurements by adding errors to ex-
amine the effects on recognition success. Using the
original clusters for each measurement set, inaccura-
cies ranging from —100% to +100% (in increments
of 5%) of the measurement were added only to the
testing patterns before recognition.

Table 2 shows the relative sensitivity of recogni-
tion to errors in individual measurements in each of
the chosen settings. In general, the perturbed eye
measurements (1, 2, 3, and 4) appear to have less of
an effect on recognition than do the measurements
involving the cheeks (8, 9, 10, and 11).

To better understand the effects of measurement
inaccuracies, we record some experimental results in
Tables 3 and 4. Because of space limitations, Set-
ting 3 is not detailed. Each table shows the ranges
(from negative to positive) in measurement inac-
curacies in percent that would be allowable in or-
der to preserve a certain recognition rate. In many
cases, the positive range is larger than the nega-
tive range, meaning that recognition is impacted to
a lesser degree with expanded measurements than
with shrunken ones. Note that each column in the
tables contains results that are independent of the
other columns; that is, only the measurement(s) in
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Table 3: Measurement error tolerance for Setting 1.

Recog. Rate Allowable inaccuracy range for
Desired (%) each measurement or measurement combination (%)
Single
measure- 1 2 3 4 8 9 10 11
ment
85 0,10 0 0,40 0 0 0 0 0
80 -15,35 -10,15 -50,65 -35,100 -20,20 -5,10 -35,10 -5,5
75 —-25,55 —40, 50 —80,100 -75,100 -25,25 -15,10 -40,35 -10,15
70 -30,65 -50,75 -100,100 -100,100 -50,35 —15,20 —45,50 —15,25
Measure-
ment 1,2 3,4 1,2,3,4 8,9 10,11 8,9,10,11
combination
85 0 0,30 0,5 0 0 0
80 ~5.5 —15,65 —5,20 -5,5 0,5 0,5
75 -15,25 -50,100 -15,25 -5,10 -10,10 -=5,10
70 —-20,35 -75,100 -20,25 -10,15 -10,15 -5,10

the column headings were perturbed in each test.

These tables also give data which specify the sen-
sitivity of individual measurements as shown in Ta-
ble 2. In particular, the measurements involving
the cheeks (8, 9, 10, and 11) are much more sensi-
tive than those involving the eyes (1, 2, 3, and 4),
while measurements 8 and 10 have greater allowable
inaccuracy ranges than 9 and 11.

From this information, any efforts in feature de-
tection improvement should be concentrated on the
features which involve measurements that have the
smallest allowable inaccuracy ranges for successful
recognition.

Tables 3 and 4 will be used extensively in the
methodology developed for objective judgment of
automatic facial feature detection presented in Sec-
tion 3.3. In that section the allowable inaccuracy
ranges for individual measurements will be used to
determine similar ranges for individual facial feature
detection modules, which will lead to a classification
of the feature detection quality.

3 Feature detection

analysis

error

This section completes the development of our ba-
sic methodology by using the effects of measure-
ment inaccuracies discussed in the previous section
to judge the automatic feature detection. In prepa-
ration, we first summarize the detection techniques
we use [4, 11].

3.1 Summary of feature detection
techniques

We use four distinct modules to detect eyes, mouths,
cheeks, and chins in front-view id-type face images.
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A context module is used to find approximate lo-
cations of the eyes and mouth before closer exam-
ination [4]. The cheek and chin modules employ
the locations of the eyes and mouth in determining
the relevant subimages for detection [11]. Morpho-
logical operations and deformable templates [17, 7]
are applied in the eye and mouth modules, while the
cheek and chin modules apply a simplified Adaptive
Hough Transform (AHT) technique [8].

3.2 Subjective analysis of feature de-
tection results

We present our subjective analysis here mainly to
serve as a comparison with the objective results
that are developed below. Our subjective analy-
sis decides the detection quality of individual face
features based on human judgment of how “close”
the detection is to the true feature. Note that only
those images in which correct constituent contexts
were found could be further processed in this ex-
periment. The combined results are shown along
with a breakdown of the results for the two differ-
ent image sets. The “Lab” images were involved in
previous experiments [4, 11]; the “Book” set refers
to the images scanned in from the yearbook. The
subjective results are shown in Figure 2.

3.3 Objective analysis of feature de-
tection results

In order to objectively judge the results, the mea-
surements found from the manually identified fea-
tures can be compared with those calculated from
the automatic detections for the same image, but
this will not give a direct link to the accuracy of the
individual feature detection modules (which is our
main objective). Therefore, depending on the facial
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Table 4: Measurement error tolerance for Setting 2.

Recog. Rate Allowable inaccuracy range for
Desired (%) each measurement or measurement combination (%)

Single
measurement 1 2 8 9 10 11

85 0,30 0,30 -15,20 =5,5 -30,0 -5,0

80 -10,55 —25,40 -—25,20 -5,5 -35,10 -5,10
75 -15,60 -35,55 —35,30 -10,15 —40,30 -10,15
70 —-25,85 —45,80 —60,45 —15, 20 —45,50 -—10,20

Measurement
combination 1,2 8,9 10,11 8,9,10,11
85 0,20 0,5 0,5 0
80 -5,25 -5,5 -5,5 0,5
75 -10,30 -10,10 -10,10 -5,5
70 -15,40 -10,15 -10,15 -5,10

Lefteye Lab

Combined

Right eye Lab

Combined

Left mouth Lab

Combined

Right mouth Lab

Combined

Left cheek Lab

Combined

Right cheek Lab

Combined

Chin location Lab EES

Combined

Chin curve Lab iz

Combined e

Image Count

IIGood W Marginal DBadJ

Figure 2: Subjective judgment of facial feature detection.
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feature involved, we use certain representative mea-
surements to calculate the accuracy of the feature
detection. The chosen measurements are discussed
with each individual module below.

In order for the objective judgment to be con-
sistent, we use the allowable inaccuracy ranges for
selected measurements found in Tables 3 and 4, to
determine whether the feature detection was good,
marginal, or bad as follows:

1. Choose the face measurements involved in the
current facial feature detection module being
Jjudged.

2. Set up ranges of error for the individual mea-
surements involved that will be tolerated for
the feature detection to be considered good.
For the allowable inaccuracy ranges for good
detection, use the median of all negative and
positive extremes of ranges for the individual
measurements corresponding to a recognition
rate of 80% in Tables 3 and 4. The error of
all measurements must be within their individ-
ual allowable inaccuracy ranges in order for the
feature detection to qualify as good.

3. A similar technique is used for finding the
ranges for marginal detection, although the
recognition rate is now 70%.

4. Any feature detection whose corresponding
measurements do not fall in either the good
or marginal ranges is considered bad.

The allowable inaccuracy ranges for good and
marginal feature detection are shown in Table 5.

Eye module

Measurements 1 and 3 for the left eye and 2 and
4 for the right were used in the objective analysis
of the eye detection module. These measurements
only involve the size of the eye and not the position
and therefore cannot be entirely dependable. How-
ever, adding measurements 6, 7, 8, and 10 would
reflect the eye position but make the results less de-
pendable because inaccuracies in cheek and mouth
detection would be involved.

As can be seen by comparing Figures 2 and 3,
using these objective criteria qualifies less good,
more marginal, and less bad detections for eyes
compared to the subjective results.

Mouth module

For similar reasons as those involved with the eye
module, only the size of the mouth was used for ob-
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Table 5: Allowable inaccuracy ranges for measure-
ments.

Feature Quality Allowable inaccuracy range
of detection | for each measurement (%)
Eyes 1or2 Jor4
Good -10,35 -35,65
Marginal -35,75 —100,100
Mouth 5
Good —15,20
Marginal —25,30
Cheeks 8 or 10 9 or 11
Good -35,20 -5,10
Marginal —45,45 —15,20
Chin 12
Good —-15,20
Marginal -25,30

Jjectively judging the results. Therefore, only mea-
surement 5 was involved, but this measurement was
not in any of the error tolerance analysis because it
was removed during the feature selection described
in Section 2.1.

In this case the objective results for the mouth
width are very similar to the combined subjective
results for the left and right mouth points (which
can be seen by comparing Figures 2 and 3).

Cheek module

For objective analysis of the cheek module, we used
measurements 8 and 9 for the left cheek and 10 and
11 for the right.

Comparing the subjective and objective results
(Figures 2 and 3, respectively) shows a huge dispar-
ity in cheek detection accuracy. The most probable
contributor is how the cheek measurements depend
so highly on the position accuracy of both the eyes
and the mouth. The cheeks may be in the absolute
correct location, but if the eye and/or the mouth is
not correct, the cheeks will be judged as being in-
correct as well. So the objective results of the cheek
detection are not very informative, considering their
dependence on the accuracy of the face constituents.
The allowable inaccuracy ranges for measurements
9 and 11 are quite restrictive as well, but they are
consistent with our discoveries in Section 2.2 about
the sensitivity of these measurements.

Chin module

Measurement 12 was involved in only one setting
in Section 2, and the inaccuracy ranges were far
too restrictive. Using the ranges shown in Ta-
ble 5, the chin detection resulted in more good, less
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Figure 3: Objective judgment of facial feature detection.
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(b)

Figure 4: Automatic feature detection results for
“Book” image (a) and “Lab” (b).

marginal, and less bad detections than according
to our subjective judgments (as seen in Figure 3).

3.4 Comparison of subjective versus
objective feature detection re-
sults

Figure 4 contains two examples of facial feature
detection. Image (a) is taken from the yearbook,
whereas (c) is a “Lab” image. In order to com-
pare the differences between subjective and objec-
tive judgments of the results, Table 6 shows both
for the images in the figure. (Each x/x combination
in the table represents the subjective/objective re-
sults.) The column containing the data for mouth
detection has two ratings for subjective results cor-
responding to the left and right mouth corners.
In general, the subjective and objective results are
fairly close, except for the cheeks, for which the ob-
Jective rating is typically worse than the subjective
(for the probable reasons discussed above).
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Notice the differences in image quality between
the “Book” and the “Lab” images. In particular,
the “Book” images have a thatched or striped effect
that the “Lab” ones do not. As well, the “Lab”
images are generally clearer and have more contrast.

4 Conclusion

In summary, these experiments revealed the follow-
ing major points of interest:

1. The sensitivity of individual measurements can
be applied in directing improvements in the de-
tection modules involving those measurements.

2. The information gained regarding the accuracy
requirements of facial feature detection can be
used to criticize current detection techniques
with a more objective basis. For example, from
this study we found that face contour detection
needs to be more precise than face constituent
detection (to preserve successful recognition).

3. The connection between face measurements
and face features is important and not trivial.
To reasonably judge the accuracy of each detec-
tion module, the measurements chosen should
reflect the size and position of the facial fea-
ture. But involving too many measurements
may cause the module to be judged too harshly
due to the interdependence of the face measure-
ments and features.

4. Detecting face contours without the need for
face constituent information would noticeably
improve contour detection results. A simpler
improvement that would help in the cases with
noticeable head tilt, would be to use the angle
of an imaginary line between the eyes in setting
the face contour subimages.

The methodology developed in this paper should
provide a basic framework that could be applied
to future projects of larger magnitude, perhaps in-
volving more features, measurements, and images.
Knowing the precision requirements of feature de-
tection necessary to maintain successful recognition
facilitates an objective judgment of facial feature
detection, and provides a solid basis for future de-
velopments.
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Table 6: Comparison of subjective/objective results for feature detection for images in Figure 4. “g

3 »

({2

=good,

m” =marginal, “b” =bad.
Image Facial feature
Left Right Mouth Left Right Chin
eye eye cheek cheek location
a (Book) | g/m g/m gm/g m/b g/m g/g
b(Lab) | m/m g/m gg/g g/b g/m g/g
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