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Abstract 
 

Face recognition in adults is the product of a unique 
mechanism in the brain and it is based on years of experi-
ence. The goal of this paper is to analyze the role of con-
figural and featural information for face classification and 
to compare the performance of Bayesian Network classifiers 
with the human performance in three experiments: similar-
ity matching, gender, and race classification. Our results 
show that despite the fact that the machine classification re-
sults are worse than the one of the humans, they are consis-
tent with human classification results.  
 

1. Introduction 
In psychological literature there has been considerable proof 
for the unique role that face processing plays in our percep-
tual system. For example the inversion of stimuli worsens 
the recognition of these stimuli, but this negative effect on 
recognition is far greater for faces than for normal objects or 
isolated facial components like mouth and nose. This is 
called the inversion effect, and the most widely accepted 
explanation of this effect is that the perception of configural 
information is disrupted in an inverted face (the eyes are no 
longer above the nose for example) so the spatial relation-
ships between the features are difficult to retrieve [1]. How-
ever, perception of featural information and common ob-
jects is relatively far less disturbed. The perception of these 
features does not use (or to a lesser degree) configural in-
formation and they are consequently less affected by the in-
version. This difference has often been cited as an evidence 
that faces are processed differently than objects and that 
face processing is mediated by a specialized system [2].  

Another source of evidence is a classic neuropsychologi-
cal double dissociation formed by prosopagnosia and visual 
object agnosia. Prosopagnosia, or face-blindness, is a neuro-
logical condition that renders patients incapable of recogniz-
ing faces but not other objects. This agnosia is caused by 
damage to the right inferotemporal region, known as the 
fusiform face area or FFA [2]. Visual object agnosia or as-
sociative agnosia is the other way around: the person is im-
paired in recognizing common objects but not in recogniz-
ing faces. The part of the brain that is damaged in patients 
with associative agnosia is usually the occipital or the in-
ferotemporal cortex. This double dissociation can be taken 
as evidence for a domain-specific face processing mecha-

nism in the brain that is, distinct from the mechanisms serv-
ing general object recognition.  

Although inversion of a face deteriorates recognition it 
does not do it so completely. We are still able to recognize 
faces, because we can obviously still rely on the features. A 
long debate in face recognition is which information is more 
important: featural or configural. In contrast to the expertise 
hypothesis (i.e., faces are only special in respect that they 
are very similar to each other) which emphasizes the role of 
configural information, the integrative model of face recog-
nition emphasizes both featural and configural information 
[3]. According to this model, configural and featural proc-
essing are two dissociable routes to face recognition. Both 
routes have optimal access and either route may be suffi-
cient, but at least one route must be available for recognition 
to occur. Studies with scrambled (removing configural in-
formation while leaving the featural information intact) 
faces and blurred (removing the featural information while 
leaving the configural information intact) faces show that 
the decline in recognition is of comparable size [4]. These 
results are in agreement with the integrative model of face 
recognition.  

Further evidence for a more prominent role for featural 
information comes from the Penry effect: when only one 
feature is altered, the face is perceived as a whole different 
face. On the contrary others see the cause of the effect on 
the altering of configural information. They reason that al-
tering one feature also alters the configural information, and 
it is this alteration that causes the Penry effect. These 
contradictive findings in the literature may be attributed to 
methodological problems. The most important methodo-
logical problem is the intrinsic-connection problem (the 
Penry effect is a reflection of it). Altering a feature will also 
alter the configural information, so it is not surprising that it 
is hard to reach a single, unequivocal conclusion.  

The analysis in this paper was therefore devised to avoid 
the intrinsic-connection problem and the problems with iso-
lating configural and featural information. The expertise hy-
pothesis assumes that the deeper the level of classification 
is, the more we will rely on configural information. Bayes-
ian networks are excellent classifiers. So we trained a 
Bayesian network classifier [8] to test this assumption. The 
level of classification was operationalized in descending or-
der: race, gender, and similarity. Race and gender classifica-
tion can be seen as a level higher in the level of subordinate 



classification but not as sophisticated as the classification on 
an individual level. Human beings are able to categorize 
races very quickly and with great accuracy. The classifica-
tion of gender remains very high (97%) even when superfi-
cial cues like hair and fashion accessories are removed [5]. 
Of course the classification of race is mostly based on pig-
mentation, but is not the only basis this classification is 
based on. For instance, we can categorize an albino to a 
race. Furthermore, anthropometrical statistics show that 
races also differ in the so called facial landmarks. Farkas [6] 
took 25 measurements on head and face to examine three 
racial groups: North American Caucasian, African-
American, and Chinese, and found several differences. For 
example, the Chinese have the widest faces and African-
Americans have the widest noses. From the expertise hy-
pothesis, one would expect that race and gender should be 
better categorized by featural information. Similarity, on the 
other hand, they would be proportionally better categorized 
by configural information. 

2. Bayesian Network (BN) Approach 
 

Bayesian Networks can represent joint distributions in an in-
tuitive and efficient way; as such, Bayesian networks are 
naturally suited for classification. We can use a Bayesian 
network to compute the posterior probability of a set of la-
bels given the observable features, and then we classify the 
features with the most probable label. The labels in our case 
are: one of the similarity groups, one of the races, and one 
of the genders. The features are configural information, fea-
tural information, and the combined input of featural and 
configural information.  

The goal is to label an incoming vector of features X. 
Each instantiation of X is a record. We assume that there ex-
ists a class variable C; the values of C are the labels. The 
classifier receives a record x and generates a label ĉ(x). An 
optimal classification rule can be obtained from the exact 
distribution p(C, X). However, if we do not know this dis-
tribution, we have to learn it from expert knowledge or data. 

We consider probabilistic classifiers that represent the a-
posteriori probability of the class given the features, 
p(C, X), using BNs [7]. A BN is composed of a directed 
acyclic graph (the structure) in which every node is associ-
ated with a variable X and with a conditional distribution 
p(Xi |IIi), where IIi denotes the parents of Xi in the graph (the 
parameters). The parameters of the classifier are usually 
learned using maximum likelihood estimation. 

Given a BN classifier with parameter set Θ, the optimal 
classification rule under the maximum likelihood (ML) 
framework to classify an observed n-D feature vector, 
X∈Rn, to one of |C| class labels, c∈{1, ..., |C|},  is given as:  

 

);|(maxargˆ Θ= cXPc c                     (1) 
 

As was shown in [8], the Naive-Bayes (NB) classifier in 
which the features are assumed independent given the class, 
was successful in many applications mainly due to its sim-
plicity. Also, this type of classifier is working well even if 
there are not too much training data which is our case. 
Therefore, in the experiments we decided to use such classi-
fiers. The reason for the NB success as a classifier is attrib-
uted to the small number of parameters needed to be esti-

mated. Recently, Garg and Roth [9] showed using informa-
tion theoretic arguments additional reasons for the success 
of NB classifiers. If the features in X are assumed to be in-
dependent of each other conditioned upon the class label c 
(the Naive Bayes framework), Eq. (1) reduces to: 
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Now the problem is how to model P(xi|ci; Θ), which is 
the probability of feature xi given the class label. In practice, 
the common assumption is that we have a Gaussian distribu-
tion and the ML can be used to obtain the estimate of the pa-
rameters: mean and variance.  

 

3. Experiments 
 

In our experiments, the goal was to compare the perform-
ance of the BN approach and of the human performance in 
three experiments: similarity matching, gender, and race 
classification. As testbed we used frames from the Cohn-
Kanade database [12] which consists of expression se-
quences of 104 subjects starting from the Neutral expression 
and ending in the peak of the facial expression and we con-
sidered a frame for each subject in our experiments.  
 

3.1. The stimuli 
 

As featural information the horizontal and vertical size of 
the eyes, eyebrows, nose, mouth and face were used (Fig.1 
left). Configural information was retrieved by acquiring the 
distances from eyebrow to eye, from the eye to the tip of the 
nose, from the eye to the corner of the mouth, between the 
eyebrows, and between the eyes (Fig.1 right). 
 

   
 

Figure 1. Featural (left) and configural (right) information 
 

 

3.2. The expert data 
The expert data for the similarity classification was based on 
a psychological face space. This face space was constructed 
on the basis of similarity data. Twenty subjects participated 
in a card-sorting task. They were instructed to categorize the 
images into 5 to 6 groups on the basis of similarity. Each 
face in the image was masked to exclude ears, neck, hair, 
and hairline by a border area that was rendered black. Using 
the multi dimensional scaling (MDS) procedure in SPSS 
this resulted in 9 groups (Fig.2). Unfortunately, a general 
rule does not exist to determine the goodness of fit of a 
MDS configuration. An indication for the goodness of fit is 
a residual plot (Fig.3); this is the relationship between the 
estimated  distances  (based on the  similarity  data)  and  the 



Table 2. Confusion-matrix for similarity classification based on the combined featural and configural information. 

distances computed by the MDS procedure. A straight line 
means a perfect relationship, so the computed configuration 
is relatively “good”. Furthermore a k-means cluster analysis 
(9 clusters) on the basis of the coordinates computed by 
MDS, resulted in a 75% classification overlap with the 
MDS procedure.  

The input of the race and gender classification data was 
categorized by the experimenters. The categories for race 
consisted only of African-American and North American 
Caucasian due to the limited number of Asiatic people in the 
database. 
 

 
Figure 2. The resulted configuration of the multi dimensional scal-
ing procedure in SPSS. The horizontal dimension is clearly the 
gender dimension. The vertical dimension is much harder to inter-
pret as faces vary on so many different dimensions. 
 

3.3. The training procedure 
 

The BN was trained by dividing the faces in three parts: us-
ing two-third of the faces for training and tested with the 
remaining one-third of the faces. This was repeated three 
times until all the combinations of faces were used either as 
training-set or test-set. This method of cross correlation was 
also used to compare the results of the BM with human per-
formance: twenty subjects performed a card-sorting task. 
Given the clusters of faces trained by the network, the task 
was to complete the clusters with the faces that the users 
thought that looked most similar to the groups. These faces 
were the same as the faces used for testing the network.  

 

Estimated distances based on similarity data
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Figure 3. The residual plot for the similarity data 

 
 

4. Results 
 

The results of the BN were analyzed as accuracy rates (total 
correct classifications divided by the total of classifications) 
derived from confusion matrices. These accuracy rates were 
determined by means of cross correlation and are shown in 
Table 1. The random probability for similarity was 0.11, for 
both gender and race classification the random probability 
was 0.5. All the classification levels and classification meth-
ods performed well above random probability, except for 
gender classification on the basis of featural information 
where the performance was around 55%.  
 
 

 Config Feat Config & Feat 
Similarity 0.69 (0.11) 0.57 (0.11) 0.74 (0.11) 
Gender 0.78 (0.5) 0.55 (0.5) 0.63 (0.5) 
Race 0.68 (0.5) 0.72 (0.5) 0.65 (0.5) 

 

Table 1. Accuracy rates for our experiments. Each cell in the table 
has two numbers, the cross correlation accuracy rate and the ran-
dom probability (in parentheses). 
 

4.1. Similarity 
 

Configural information performed better (accuracy rate of 
0.69%) than featural information (0.57%). However, the 
combined input of configural and featural information per-
formed best (0.74%). When comparing the BN results (Ta-
ble 2) with the human results (Table 3), a few matters have 
to  be  taken  in  consideration  though.  First  of  all  the  training  

group 1 2 3 4 5 6 7 8 9 
1 0.68 0.18 0.04 0.02 0.02 0.04 0.04 0.00 0.03 
2 0.17 0.72 0.01 0.02 0.00 0.01 0.02 0.01 0.04 
3 0.03 0.02 0.69 0.02 0.05 0.05 0.04 0.05 0.05 
4 0.06 0.02 0.00 0.67 0.02 0.14 0.01 0.03 0.05 
5 0.02 0.02 0.02 0.00 0.71 0.06 0.01 0.12 0.04 
6 0.02 0.2 0.00 0.12 0.02 0.74 0.02 0.04 0.04 
7 0.00 0.00 0.04 0.08 0.06 0.02 0.64 0.02 0.08 
8 0.00 0.00 0.12 0.02 0.09 0.03 0.02 0.70 0.02 
9 0.07 0.02 0.04 0.061 0.02 0.01 0.06 0.06 0.66 



sets are given, so the participants could see that groups 1 to 
3 consisted only of male faces and the rest of the groups 
consisted only of female faces (Fig.2). A human had an ad-
vantage that the BN did not have: it could use the gender of 
the faces to classify them is a similar way as it was done by 
the MDS configuration. Despite this “hint”, a few partici-
pants had confused the male groups 1, 2, and 3 with the fe-
male groups. However, these mix-ups were not higher than 
random probability. Furthermore, as the participants had to 
do the same tasks as the network for comparison, they saw 
faces as a training-set in one condition, and in the other con-
dition as a test-set. Also, people may have experienced a 
learning effect, since they have seen the pictures before. The 
results might have been affected by this and this makes the 
comparison with the results of the network open to discus-
sion. Note that the human performance is higher than the 
one obtained by the Bayesian Network and this may be at-
tributed to the fact that the humans could take into account 
the gender information when doing the classification. 

 

4.2. Gender 
Configural information (Table 1) performed better, with an 
accuracy rate of 0.78, than featural information which per-
formed close to the random probability (0.55). The com-
bined information of configural and featural performed 
worse than the configural information alone, but performed 
better than just the featural information.  

Analyzing the confusion matrix for all conditions (Ta-
ble 4) one can observe that male classification was only 
above random probability (50%) when configural informa-
tion was used. The classification of females was above ran-
dom probability in all the conditions but only just above 
chance level in the featural condition. This may suggest that 
the genders in this experiment do not differ much on featu-
ral information.  
 

 

Table 4. Confusion-matrices for gender classification based on 
configural, featural and the combined input of featural and con-
figural information. 
 

4.3 Race 
 

The classification of races on the basis of featural informa-
tion (Table 1) performed best with an accuracy of 0.72. 
Classification on the basis of configural information per-
formed slightly worse (0.68). The combination of featural 
and configural performed worse than configural or featural 
information alone.  
 

 

Table 5. Confusion-matrices for race classification based on con-
figural, featural and the combined input of featural and configural 
information. C – Caucazians; AA – African Americans 

 

Confusion matrices for the classification on the basis of 
race are shown in Table 5. In configural information 47% of 
the African American faces were misclassified as Caucasian 
faces. This misclassification is even higher for the combined 
input of configural and featural information (65%). How-
ever, when using featural information the classification of 
African American faces rises above random probability 
(0.54%). When using configural information, 83% of the 
Caucasian faces were classified correct. This classification 
accuracy remains high when using featural information 
(0.90%) or the combined input of featural and configural in-
formation (0.95%). The networks tendency to classify all 
faces to Caucasian faces may be attributed to the small size 
of African American faces in the sample: only 10% of the 
total of faces was African American. Perhaps there was not 
enough variance in the configural information to classify the 
faces correctly. Considering this bias, the network per-
formed quite well in the featural condition. 
 

5 Discussion  
 

Although the accuracy rates between configural and featural 
information do not differ too much in similarity classifica-
tion, it is in agreement with the human performance: per-
forming best when both configural and featural information 
are present but worst when relying only on featural informa-
tion. Furthermore, the results are roughly in agreement with 
the expertise hypothesis, as configural information in isola-
tion was more important in classification than featural in-
formation in isolation.  

group 1 2 3 4 5 6 7 8 9 
1 0.80 0.12 0.00 0.03 0.00 0.00 0.00 0.02 0.03 
2 0.13 0.78 0.01 0.01 0.04 0.00 0.02 0.00 0.01 
3 0.02 0.04 0.74 0.00 0.07 0.00 0.04 0.04 0.05 
4 0.04 0.00 0.01 0.77 0.03 0.10 0.01 0.01 0.02 
5 0.05 0.01 0.02 0.00 0.81 0.01 0.00 0.09 0.01 
6 0.00 0.01 0.01 0.10 0.00 0.87 0.01 0.00 0.00 
7 0.04 0.06 0.00 0.01 0.02 0.05 0.68 0.07 0.07 
8 0.01 0.02 0.01 0.00 0.09 0.01 0.00 0.83 0.03 
9 0.04 0.03 0.03 0.03 0.05 0.01 0.03 0.03 0.75 

 Config Feat Config & Feat
Gender male female male female male female
Male 0.72 0.24 0.44 0.56 0.48 0.52 

Female 0.18 0.82 0.33 0.66 0.20 0.80 

 Configural Featural Config & Feat 
Race C AA C AA C AA 

C 0.83 0.17 0.90 0.10 0.95 0.05 
AA 0.47 0.53 0.46 0.54 0.65 0.35 

Table 3. Confusion-matrix for similarity classification based on human performance. 



According to the integrative model of face recognition 
one would expect that the combined input of featural and 
configural information should perform best in all classifica-
tion levels. A surprising finding was that in race this com-
bined input performed worse than isolated featural informa-
tion. This can be attributed to the small percentage of the 
African American faces in the total of faces which can result 
in a smaller variance between the categories. This bad per-
forming configural information could have lowered the re-
sults of the combined input configural and featural informa-
tion. The combined input of configural and featural informa-
tion performed also worse than isolated configural informa-
tion for gender. An explanation for this result could be that 
the genders differ less on featural information, so this lack 
of difference in configural could deteriorate the combined 
use of these two kinds of information. A finding in agree-
ment with this result is the evidence from facial measure-
ments [10]. These measurements show that in general the 
nose is larger in men than in woman. But these differences 
are mainly visible in a three-dimensional picture plane in-
stead of a two-dimensional picture plane which is the case 
here. 

Featural information was far more important in race clas-
sification than in gender classification where configural in-
formation was more important. The expertise hypothesis 
predicts that featural information would become more im-
portant for both the classification tasks and not only for race 
classification. This could suggest a number of explanations. 
First, maybe the classification of gender is on a deeper level 
than the assumption of this study and as a consequence re-
lies more on configural information.  An experimental find-
ing with this result comes from studies where the relation-
ship between face familiarity and gender classification is 
studied. Rossion [11] reasoned that the more familiar a face 
is the more important configural information becomes. The 
reason is that you become an “expert” of the more familiar-
ized face. He found that faces perceived as familiar were 
categorized more quickly in male or female than unfamiliar 
faces. He attributed this difference to the use of configural 
information in gender classification because if gender classi-
fication would depend only on featural information this dif-
ference would not be found. Another possibility is that races 
differ more in featural information than genders do. This 
possibility has not been tested yet.  

Configural information seems to play a bigger role in 
gender classification compared to featural information in 
gender classification. However, the indexed results (see Ta-
ble 1) show that the role of configural information is still 
less compared to the role of configural information in simi-
larity classification. This is also the case for race classifica-
tion. This pattern of accuracy results is approximately what 
one would expect of the expertise hypothesis. 

When comparing the similarity classifications with hu-
man performance the network makes nearly the same confu-
sions between the same groups of faces as humans do, ex-
cept that the network has the tendency to make asymmetric 
confusions. This result may be attributed as an artifact of the 
network. On the other, hand the network makes symmetrical 
mix-ups that humans rarely do. These are confusions be-
tween female and male faces. This difference in confusion is 
probably the effect of the advantage that the participants had 
to use the gender information in contrary to the network. 
Besides, the configural and featural information may not 
differ a lot for these faces, and as a result the network may 
have confused these faces with each other. Although the 
network did not categorize faces on the level of human per-
formance, the results of this experiment demonstrate that us-
ing a Bayesian network for face classification can yield re-
sults more or less consistent with the human classification.  
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