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Abstract. Using psychophysics we investigated to what extent human face
recognition relies on local information in parts (featural information) and on
their spatial relations (configural information). This is particularly relevant for
biologically motivated computer vision since recent approaches have started
considering such featural information. In Experiment 1 we showed that
previously learnt faces could be recognized by human subjects when they were
scrambled into constituent parts. This result clearly indicates a role of featural
information. Then we determined the blur level that made the scrambled part
versions impossible to recognize. This blur level was applied to whole faces in
order to create configural versions that by definition do not contain featural
information. We showed that configural versions of previously learnt faces
could be recognized reliably. In Experiment 2 we replicated these results for
familiar face recognition. Both Experiments provide evidence in favor of the
view that recognition of familiar and unfamiliar faces relies on featural and
configural information. Furthermore, the balance between the two does not
differ for familiar and unfamiliar faces. We propose an integrative model of
familiar and unfamiliar face recognition and discuss implications for
biologically motivated computer vision algorithms for face recognition.

Introduction

Different object classes can often be distinguished using relatively distinctive features
like color, texture or global shape. In contrast, face recognition entails discriminating
different exemplars from a quite homogeneous and complex stimulus category.
Several authors have suggested that such expert face processing is holistic, i.e. faces
are meant to be encoded and recognized as whole templates without representing
parts explicitly [4,5,6]. In computer vision many face recognition algorithms process
the whole face without explicitly processing facial parts. Some of these algorithms
have been thought of being particularly useful to understand human face recognition
and were cited in studies that claimed faces to be the example for exclusive holistic
processing (e.g. [7,8] cited in [9], or the computation models cited in [6], p. 496).
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In contrast to holistic algorithms like principal components analysis or vector
quantization, recent computer vision approaches have started using local part-based or
fragment-based information in faces [1,2,3]. Since human observers can readily tell
the parts of a face such algorithms bear a certain intuitive appeal. Moreover, potential
advantages of such approaches are greater robustness against partial occlusion and
less susceptibility to viewpoint changes.

In the present study we used psychophysics to investigate whether human
observers only process faces holistically, or whether they encode and store the local
information in facial parts (featural information) as well as their spatial relationship
(configural information). In contrast to previous studies, we employed a method that
did not alter configural or featural information, but eliminated either the one or the
other. Previous studies have often attempted to directly alter the facial features or
their spatial positions. However, the effects of such manipulations are not always
perfectly selective. For example altering featural information by replacing the eyes
and mouth with the ones from another face could also change their spatial relations
(configural information) as mentioned in [10]. Rakover has pointed out that altering
configuration by increasing the inter-eye distance could also induce a part-change,
because the bridge of the nose might appears wider [11]. Such problems were avoided
in our study by using scrambling and blurring procedures that allowed investigating
the role of featural and configural information separately. The current study extends
previous research using these manipulations (e.g. [12,13,14]) by ensuring that each
procedure does effectively eliminate configural or featural processing.

Experiment 1: Unfamiliar Face Recognition

The first experiment investigated whether human observers store featural information
independent of configural information. In the first condition configural information
was eliminated by cutting the faces into their constituent parts and scrambling them.
If the local information in parts (featural information) is encoded and stored, it should
be possible to recognize faces above chance even if they are scrambled. In condition 2
the role of configural information was investigated. Previously learnt faces had to be
recognized when they were shown as grayscale low-pass filtered versions. These
image manipulations destroyed featural information while leaving the configural
information intact. In a control condition we confirmed that performance is reduced to
chance when faces are low-pass filtered and scrambled, thus showing that our image
manipulations eliminate featural and configural information respectively and
effectively.

Participants, Materials and Procedure

Thirty-six participants, ranging in age from 20 to 35 years voluntarily took part in this
experiment. All were undergraduate students of psychology at Zurich University and
all reported normal or corrected-to-normal vision.

The stimuli were presented on a 17 screen. The viewing distance of 1 m was
maintained by a head rest so that the faces covered approximately 6° of the visual
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angle. Stimuli were created from color photographs of 10 male and 10 female
undergraduate students from the University of Zurich who had agreed to be
photographed and to have their pictures used in psychology experiments. All faces
were processed with Adobe Photoshop, proportionally scaled to the same face width
of 300 pixels and placed on a black background. These intact faces were used in the
learning phase (Figure 1a).

The scrambled faces were created by cutting the intact faces into 10 parts, using
the polygonal lasso tool with a 2 pixel feather. The number of parts was defined by a
preliminary free listing experiment, in which 41 participants listed all parts of a face.
The following parts were named by more than 80% of the participants and were used
in this study: eyes, eyebrows, nose, forehead, cheeks, mouth, chin. Four different
scrambling versions, which appeared randomly, were used. Each version was
arranged so that no part was situated either in its natural position or in its natural
relation to its neighboring part. The parts were distributed as close to each other as
possible, in order to keep the image area approximately the same size as the whole
faces (Figure 1b).

The control stimuli were created in three steps. First, all color information was
discarded in the intact faces. Second, the faces were blurred using a Gaussian filter
with a sigma of 0.035 of image width in frequency space, which was determined in
pilot studies. The formula used to construct the filter in frequency space was

exp( = ). In the third step these blurred faces were cut and scrambled as described

above. Figure 1c shows an example of the control faces.
The blurred stimuli were created by applying the low-pass filter determined in the
control condition to greyscale versions of the intact faces (Figure 1d).

a d

Fig. 1. Sample Stimuli. a) intact face, b) scrambled, ¢) scrambled-blurred, d) blurred face.

Participants were randomly assigned to one of three groups. Each group was tested
in one experimental condition, either scrambled, scrambled-blurred, or blurred. Ten
randomly selected faces served as target faces and the other 10 faces were used as
distractors. In the learning phase the target faces were presented for ten seconds each.
After each presented face the screen went blank for 1000 ms. Then the same faces
were again presented 10 seconds each in the same order. The faces were presented in
a pseudo-random order so that across participants no face appeared at the same
position more than twice.

In the experimental phase, 20 faces were presented (10 targets and 10 distractors).
Six random orders were created using the following constraints: within each random
order no more than three target or distractor faces occurred on consecutive trials and
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between random orders no face appeared more than once on each position. The same
random orders were used for all conditions.

Each trial started with a 1000 ms blank followed by a face. The participants were
required to respond as fast and as accurately as possible whether the presented face
was new (distractor) or whether it had been presented in the learning phase (target) by
pressing one of two buttons on a response box. The assignment of buttons to
responses was counterbalanced across participants.

Results and Discussion

Recognition performance was calculated using signal detection theory [15]. Face
recognition performance was measured by calculating d' using an old-new recognition
task [16]. This measure is calculated by the formula d' = z(H) — z(FA), whereas H
denotes the proportion of hits and FA the proportion of false alarms. A hit was scored
when the target button was pressed for a previously learned face (target) and a false
alarm was scored when the target button was pressed for a new face (distractor). In
the formula z denotes the z-transformation, i.e. H and FA are converted into z-scores
(standard-deviation units). d' was calculated for each participant and averaged across
each group (Figure 2, black bars).

One sample t-tests (one-tailed) were carried out in order to test the group means M
against chance performance (i.e. d’ = 0). Faces were recognized above chance, even
when they were cut into their parts, M = 1.19, SD = 0.58, #(11) = 7.07, p < .001. This
result suggests that local part-based information has been encoded in the learning
phase, which provided a useful representation for recognizing the scrambled versions
in the testing phase. These findings are contradictory to the view that faces are only
processed holistically [4,5,6,9]. The recognition of blurred faces was also above
chance, M = 1.67, SD = 0.82, #(11) = 7.044, p < .001. The blur filter used did indeed
eliminate all featural information since recognition was at chance when faces were
blurred and scrambled, M =-0.22, SD = 1.01, ¢(11) =-.75, p = .235.

Taken together, these results provide clear evidence for the view that featural and
configural information are both important sources of information in face recognition.
Furthermore, the two processes do not appear to be arranged hierarchically, as the
results show that featural and configural information can be encoded and stored
independently of one another'.

Experiment 2: Comparison of unfamiliar and familiar face
recognition

The results of Experiment 1 challenge the hypothesis that faces are only processed
holistically. At the same time our results suggest that for unfamiliar face recognition
in humans separate representations exist for featural information and configural

It is worth noting, however, that just because featural and configural processing can be
recognized independently of one another, does not prove that the two don’t interact when
both are available (e.g. [5])
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information. The aim of Experiment 2 was to investigate whether the same is true for
familiar face recognition. Moreover, by comparing recognition performance from
Experiment 1 and Experiment 2 we addressed the question whether there is a shift in
processing strategy from unfamiliar to familiar face recognition. Neuropsychological
evidence suggests a dissociation between familiar face recognition and unfamiliar
face matching [17,18], and experimental evidence suggests that familiar face
recognition relies more heavily on the processing of inner areas of the face than does
unfamiliar face recognition [19]. However, previous studies have found no evidence
for a change in the balance between featural and configural processing as faces
become more familiar [20,12]. Our study aimed to clarify this issue using a design
that carefully controls the available featural and configural cues in the input image.
Furthermore, in contrast to previous studies our study used the same faces in both
experiments to eliminate other potential confounds with familiarity.

Participants, Materials and Procedure

Thirty-six participants ranging in age from 20 to 35 years took part in this experiment
for course credits. All were undergraduate students of psychology at Zurich
University and were familiar with the target faces. All reported normal or corrected-
to-normal vision. The materials and procedure were the same as in Experiment 1. The
stimuli were also the same, but all the targets were faces of fellow students and thus
familiar to the participants. All distractor faces were unfamiliar to the participants.

Results and Discussion

The same analyses were carried out as in Experiment 1. Again, one-sample t-tests
(one-tailed) revealed a significant difference from chance (i.e. d’ > 0) for recognizing
scrambled faces, M =2.19, #(11) =4.55, p <.001, and blurred faces, M =2.92, #(11) =
9.81, p <.001. As in Experiment 1, scrambling blurred grayscale versions provided a
control condition for testing whether the blur filter used did indeed eliminate all local
part-based information. This was the case — faces could no longer be recognized when
they were blurred and scrambled, M =0.19, #(11) = 0.94, p = .184.

In short, the results of Experiment 2 replicated the clear effects from Experiment 1
and suggest an important role of local part-based and configural information in both
unfamiliar and familiar face recognition. By comparing recognition performance from
both experiments (Figure 2) we addressed the question to what extent familiar and
unfamiliar face recognition differ quantitatively (e.g. generally a better performance
when faces are familiar) or qualitatively (e.g. better performance for familiar faces
using more accurate configural processing). To this end, a two-way analysis of
variance (ANOVA) was carried out with the data from the scrambled and blurred
conditions of Experiments 1 and 2 with familiarity (familiar vs. unfamiliar) and
condition (scrambled vs. blurred) as between-subjects factors. There was a main
effect of familiarity, (1,42) = 12.80, MSE = 13.48, p < .01, suggesting that familiar
faces are more reliably recognized than unfamiliar faces (quantitative difference).
There was also a main effect of condition, F (1,42) = 6.7, MSE = 7.05, p < .05,
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indicating that blurred faces were better recognized than scrambled faces. The relative
impact of blurring and scrambling did not differ between the two experiments, since
there was no interaction between condition and familiarity, F(1,42) = 1.02, MSE =
1.08, p = 0.32. This results suggests that there are no qualitative differences between
familiar and unfamiliar face recognition on the basis of configural and featural
information. In both cases both types of information are of similar importance.
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Fig. 2. Recognition performance in unfamiliar and familiar face recognition across the three
different conditions at test. ScrBlr: scrambled and blurred faces. Error bars indicate standard
errors of the mean.

General Discussion

In the present paper we investigated the role of local part-based information and
their spatial interrelationship (configural information) using psychophysics. We found
that human observers process familiar and unfamiliar faces by encoding and storing
configural information as well as the local information contained in facial parts. These
results challenge the assumption that faces are processed only holistically and suggest
a greater biological plausibility for recent machine vision approaches in which local
features and parts play a pivotal role (e.g. [1,2,3]).

Neurophysiological evidence supports part-based as well as configural and holisitic
processing assumptions. In general, it has been found that cells responsive to facial
identity are found in inferior temporal cortex while selectivity to facial expressions,
viewing angle and gaze direction can be found in the superior temporal sulcus [21,
22]. For some neurons, selectivity for particular features of the head and face, e.g. the
eyes and mouth, has been revealed [22,23,24]. Other groups of cells need the
simultaneous presentation of multiple parts of a face and are therefore consistent with
a more holistic type of processing [25,26]. Finally, Yamane et al. [27] have
discovered neurons that detect combinations of distances between facial parts, such as
the eyes, mouth, eyebrows, and hair, which suggest sensitivity for the spatial relations
between facial parts (configural information).

In order to integrate the above mentioned findings from psychophysics,
neurophysiology and computer vision we propose the framework depicted in Figure
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3. Faces are first represented by a metric representation in primary visual areas
corresponding to the perception of the pictorial aspects of a face. Further processing
entails extracting local part-based information and spatial relations between them in
order to activate featural and configural representations in higher visual areas of the
ventral stream, i.e. face selective areas in temporal cortex?. In a recent study,
repetition priming was used in order to investigate whether the outputs of featural and
configural representations converge to the same face identification units [28]. Since
priming was found from scrambled to blurred faces and vice versa we propose that
the outputs of featural and configural representations converge to the same face
identification units.

Metric Spatial
Relations

Dorsal System

Local Part-Based
Information
»Featural“
Face
Identification
Unit Relational
Information
»Configural“

Representation
Ventral System

Fig. 3. Integrative model for unfamiliar and familiar face recognition.
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