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ABSTRACT. Context-awareness is spreading into areas of computer and engineering sci-
ences, with the goal of making systems more human-centric. Several systems have been
developed for learning fields using context-aware models. However, the beneficiaries of
these context-awareness systems are the learners. There are few context-aware computing
systems designed for the instructor. We have developed a vision-based context awareness
system to automatically monitor a student’s learning status in the computer room, includ-
ing roll-call and attention-sensing subsystems. In this paper, we focus on the automatic
roll-call part. We utilize a two-stage face recognition scheme to identify students. The
experimental results show that our system efficiently and accurately identified students
via webcams, and that it is promising for automatic roll-call in computer-room classes.
Keywords: Context-awareness, Roll-call, Computer-room classes, Chin detection

1. Introduction. With the continuous development of computing technology, intelligent
human-computer interaction has become a growing trend since the “Ubicom” (ubiquitous
computing) concept proposed by Mark Weiser in the 1990s [1]. Pervasive computing,
formerly only a concept, is now technologically possible with a series of novel techniques.
Context-awareness, introduced by Schilit [2] in 1994, was important. Over the past two
decades, context awareness has greatly evolved from its location-awareness roots to in-
clude properties such as situation, user, environmental properties. This has been possible
primarily because of the use of a variety of data acquisition and processing technologies
that allow designers to use a broad spectrum of contextual knowledge. These technolo-
gies convert raw contextual data into meaningful knowledge that is then used to provide
awareness functionality. The conversion is generally multi-level and follows a repetitive
process of information retrieval, context recognition, knowledge creation, etc.

Context is any information that can be used to characterize the situation of an entity.
An entity is a person, place, or object that is considered relevant to the interaction be-
tween a user and an application, including the user and application themselves [3]. There
are four main types of context: location, time, identity, and environment or activity [4].
The context-awareness model allows contextual information to be collected, processed,
inferred, and disseminated to spontaneous applications. It provides this interaction seam-
lessly, without revealing the inherent complexity required to manage the sources providing
the context information. The main purpose of context-awareness systems is to adapt ser-
vices or interfaces provided to their users, which is done by maintaining awareness of the
surrounding situations and events. Context awareness has spread to the computer and
engineering sciences, with the goal of making systems more human-centric [5].
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Several educational applications use context-aware models. Zancanaro et al. [6] applied
the context awareness technique to museum guides: it uses infrared sensors to detect the
user’s location, and then it presents multimedia information related to the fresco painting
in front of which the user is standing. Jameson [7] argues for combining user modeling
and context awareness, an example of which is the LISTEN system [8]: it offers audio
presentations to art exhibition visitors by referring to their location and profile. Ogata
and Yano [9] created a language learning system for Japanese polite expressions and
personal attributes. The system prompts the user with expressions at the right level of
formality for the location and participants, depending on the room the learner is in. For
these and other examples [10-12], the primary entities in the context-awareness systems
are learners.

There are few context-aware computing systems designed for teachers. For classroom
instruction, teachers visually determine their students’ learning statuses. If they find one
student distracted, the teacher may call the student’s name to refocus the student’s at-
tention. If most students get distracted, the teacher may try another strategy, a joke, for
example. However, because of the occlusion coming from the monitors, it is difficult for
the teacher to assess the students’ learning status in computer classrooms. Because of
the popularization of webcams, the infrastructure for visual context awareness in teaching
has become mature. Nowadays, most classroom computers are equipped with webcams.
Hence, it is feasible to evaluate students’ learning statuses using computer vision tech-
nology. To apply context-awareness computing to computer classrooms, there are two
issues of concern: student identification and concentration tracking. We have developed a
vision-based context-awareness system that automatically monitors learning status, takes
attendance (roll call), and senses the computer-user’s attention to the monitor. In this
paper, we focus on the automatic roll-call subsystem. Figure 1 shows the proposed auto-
matic roll-call system diagram.

The roll-call system works like a video-based face-recognition system. Using the webcam
mounted on top of the monitor, the system recognizes each student. This system does
not interfere with student learning except in the first class, when, to link each student’s
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FIGURE 1. The system diagram
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face with his ID, the system, triggered by the teacher, requires the student to input his
student ID. Once the ID is obtained, the system starts its training phase by collecting a
predefined number of frontal face images of the student. The system then switches to the
recognition phase for subsequent classes.

Face recognition requires both holistic and feature information [13]. This inference can
be interpreted in multiresolution aspect. Intuition tells us that, when we glance at a face,
the shape, a lower-resolution feature, attracts our attention first, and then facial features
that convey higher-resolution characteristics. This means that face-shape information
serves as a front end for finer perception. Based on this concept, we employ a two-stage
face recognition scheme — chin-shape classification and facial-feature identification [14].
This scheme was designed for static and frontal face recognition. To adapt it to meeting
the requirements for the online roll-call system, we developed several new techniques
such as mean-shift-based skin detection, facial-parts-based face verification, and front
detection.

Skin color, identified using mean-shift clustering, segments the probable face area first.
The area is then verified by examining the relationship between the eyebrows and eyes.
The face area needs further examination if it is frontal. We utilize a scope-focusing process
to detect the chin outline and categorize each face to a specific face shape by analyzing the
chin shape. This face-shape classification step improves the face-recognition stage because
it reduces the number of potential candidates. Gabor wavelets are used to extract the
facial features. 2D-PCA is used to reduce feature dimensionality. Finally, a support vector
machine (SVM) is used to connect the student corresponding to the face in question.
Our experimental results showed that our system was highly accurate. Our “invader”
test results showed that our system was highly accurate even with a high rejection rate
generated by having the system scan a large number of faces (“invaders” or “strangers”)
not in the recognition system. These operational characteristics revealed that our system
is promising for automatic roll call in computer classrooms.

This paper is structured as follows. In Section 2, how to detect the face from the grabbed
frame is introduced. The chin detection is presented in Section 3. The face identification
process is explained in Section 4. Section 5 presents the experimental results. Finally, we
make conclusions in Section 6.

2. Face Detection. Many existing face-detection methods use gray-intensity values to
detect faces [15,16]. However, the skin-color features convey important information for
discriminating faces from background. Because a computer classroom is bright enough
to allow a color webcam to work properly, we decided to skin-color features to detect
faces. The selection of an appropriate color space is required for modeling skin color. The
normalized red-green space [17] is not the best choice for skin detection [18,19]. After
comparing nine different color spaces for face detection, Terrillon [19] concluded that
the tint-saturation-luma (TSL) space provides the best results for two kinds of Gaussian
density models. We adopted the Y C,C, space as the color space, not only because it is
similar to the TSL space in terms of the separation of luminance and chrominance as well
as the compactness of the chroma distribution, but also because it is perceptually uniform
[20] and widely used in video compression standards.

To detect skin color, a decision rule is necessary. Creating one usually requires a metric
that measures the likelihood of a given pixel color belonging to skin tone. The type of
this metric is defined by the skin-color modeling method. Existing skin-color modeling
methods can be divided into three categories: (a) explicitly defined skin region, (b) non-
parametric skin distribution modeling, and (c) parametric skin distribution modeling.
The main difficulty in achieving high recognition rates with the first method is the need
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to empirically find both a good color space and adequate decision rules. On the other
hand, goodness-of-fit is more dependent on the distribution shape for parametric than
for non-parametric skin models. Based on these considerations, we decided to use the
non-parametric skin-distribution modeling method. The key idea of this method is to
estimate skin-color distribution from the training data without deriving an explicit model
of skin color. The result of this method sometimes is referred to as construction of a skin
probability map (SPM) [21,22]. However, this method has some inherent disadvantages:
a great many positive and negative training samples are needed, a great deal of storage
space is required to record the corresponding SPM, and interpolation of the training data
is needed. To surmount these shortcomings, we propose a clustering-based skin-detection
method in which only one positive training sample is needed and an SPM record is not.
Furthermore, the proposed method maintains up-to-date skin color distribution.

The preset skin-color distribution area A, set-skin in the Cy-C,. color space was collected
from a face image captured in the computer room before our skin-color detection tests.
For each computer, the grabbed frame I was segmented using the clustering algorithm. It
is difficult to determine a proper cluster number; therefore, we did not adopt the k-means
algorithm. Because the mean-shift algorithm [23] properly functions without needing a
preset cluster number, we used that for clustering I in the Cy-C, color space. If {z;}
i =1,...,n is the set of points of the cluster, and w(x;) the weight of pixel z;, then the
mean shift vector for point x is computed by

Mh(l‘) = e g(:m) ’LU(IL’Z) - (1)

z,€Sp(x)

where Sj,(x) is the sphere centered on z, of radius 4 and containing n, data points. The
mean-shift vector has the direction of the gradient of the density estimate at x. The mean-
shift procedure successively computes the mean-shift vector M, (x) and then translates
the sphere S, (x) by My (z). After clustering, the ith cluster is represented as C;. The
cluster C},, viewed as the actual skin-color distribution and denoted as Agi,, maximizes
the intersection between C; and A, eser-skin-

k = arg mZaX{Ci N Apreset-skin : 7 =1~ N} (2)
_ Ck: if (Ck: N Apreset—sk:in)/Apreset—skin > th
Askin = { No Skin otherwise (3)

If Agpipn is inferred to no skin, the subsequent frames are analyzed until skin color is
detected. In this way, we can tune the skin-color distribution to fit the actual skin color.
That is, our method adapts the skin-color model to actual conditions. The potential face
area FA, is detected using systems (4) to (7):

1 if (OFY, C8"Y)) € Ay,
— Y SKn 4
I(z,) { 0 otherwise (4)

where (z,y) is the pixel coordinate and (C{"*), C{"*)) are the corresponding (Cj, C,)

values of I(z,y).

o="00 (5)
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where O; is the ¢th connected component in .J.

m = argmax Z J(z,y):i=1,..,N (6)
(z.y)€O;

FA, =0, (7)

CFA, = holefill(FA,) (8)

[FA,=(IeB—1I)x CFA, (9)

Because we require only the frontal face, we have to verify whether the skin area is
a human face and whether it is frontal. For human face verification, eyebrows and eyes
are significant and distinct features. Therefore, human face verification focuses primarily
on the relative relationship of the eyebrows and eyes. System (8) is used to get the
complete potential face area by filling holes in FA,. The input image is then converted
to grayscale, in which eyes, eyebrows, nose, and mouth are represented by somewhat
darker areas. This attribute combined with bottom-hat operation and CFA,, as shown in
system (9), obtains IFA,, in which the facial features are enhanced. After thresholding
IFA,, the initial facial features are acquired (Figure 2). Subsequently, a series of filters is
used to obtain the eye-and-eyebrow parts. Very small objects are filtered out by the area
filter. The closing operation smoothes irregular shapes and connects neighboring objects.
Objects with orientations far away from horizontal are discarded by the direction filter.
The top four objects form the eye-and-eyebrow parts.

The face verification rules are based on the geometric relations between eyebrows and
eyes. They are the shape similarity of the eyebrows and the distance and direction sim-
ilarity between the eyes and eyebrows. First, the areas and centroids of the eyebrows

(a) () (c)

(d) (e) ()

FIGURE 2. The result of each step in the initial facial feature extraction
for an example frame. (a) The original image; (b) the clustering results
using the mean-shift algorithm; (c) the F'Ay; (d) the result after bottom-
hat operation; (e) the result after bottom-hat operation restricted in C'F'A,;
(f) the thresholding result of (e).
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and eyes are calculated. Let BCp, BCg, ECy, and ECR represent the centroids of the
left eyebrow, right eyebrow, left eye, and right eye, respectively. For shape similarity,
because the eyes may be affected by the whites of the eyes, the eyebrows are used for
this comparison. The perpendicular bisector of the line connecting the left and the right
eyebrow centroids is used as the symmetric axis with the unit vector @, (Figure 3). The
shape similarity (S5) between the left and the right eyebrows is calculated using systems
(10) to (15), in which X represents the coordinate vector of point X, and § is the mirror
point of p with respect to .

[BCY — BCY, BC? — BCE)

_— 10
"= (B - BOY + (BC — By T .
B, = {p € left — eyebrow} (11)
Br = {q € right — eyebrow} (12)
p=2((5-B) )i —p+28 (13)
BL = {15} (14)

number(Bg N By)
number(Br U By,)

The distance similarity is quantified using the distance difference (DD) defined by sys-
tem (16). The angle between the pair of eye-to-eyebrow vectors, EBA, is used to calculate
direction similarity, as described in system (17). To determine suitable thresholds for S5,
DD, and EBA, we compared the verification ratios of 30 test images (Figure 4). The se-
lected operation points had a 100% true-positive rate and a 0% false-positive rate. Hence,
we adopted thresholds of 0.4, 1, and 30 for SS, DD, and EBA, respectively.

|ECL — BCL|| — ||ECr — BCR]|

SS = (15)

if ||EOR — BOR“ < ||EOL — BCLH

P =1 "Ec |1|3%Cﬁ - fggH BC ||,
R — Rl — 1 — BCy, )
f |FC; — BC ECr — BC
||ECL — BOL“ y 1 || L L“ < || R RH
(16)
BCn—ECn  BCj—EC
EBA = cos™! R L L (17)

= — ’ — —
HBC’R— EC’RH HBCR _ EC’RH

P = (P*,PY)
-

BC, = (BCI,BC})

=]

B = (B*,BY)
+
BC, = (BCE,BCL) EC, = (BCL,ECT)

*
ECpg = (ECg,ECR)

FIGURE 3. A local coordinate system formed by eyes and eyebrows
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FIGURE 4. The verification ratios for various thresholds for (a) SS, (b)
DD, and (c) EBA

The protocol thus far described will verify that the webcam sees a human face; however,
more information is necessary to verify that the face is a frontal view. Two main non-front
conditions are considered, viz. in-plane and out-plane rotations. For in-plane rotation,
we correct the image by rotating © degrees in reference to the angle between the line
connecting both ECy, and ECg and the horizontal line (Figure 5). For out-plane rotation,
we use the out-plane rotation index (OPRI), defined in system (18), to judge this rotation,
in which LM (left margin) and RM (right margin) denote the distances from EC}, and
ECg to the left and right skin edges, respectively. If OPRI > 1.2, then the image is
considered to have out-plane rotation and skipped.

LM
T LM > RM

OPRI={ M- (18)
W, lf LM < RM

3. Chin Detection. Lee et al. [14] developed a chin detection method using gray inten-
sity information. That method was designed for static and frontal face. To adapt it to
meeting the requirements for the online roll-call system, skin-tone information is exploited
here. First, a horizontal line from the nose center (Figure 6(a)) is drawn to the left and



6032 J.-S. LEE

FIGURE 5. An in-plane rotation correction example: (a) the original image;
(b) the rotation-corrected image

right skin edges. The two skin edge points are the first pair of preliminary face boundary
points, PFB; (Figure 6(b)). Because skin-tone segmentation is more conservative, the
actual face boundary points will be a few pixels outside PFB;. Therefore, we fine-tune
PFB,; by detecting the edge points around PFB; in the grayscale image using a Gaussian
first-order differential kernel. The new pair of edge points is viewed as the first pair of
face boundary points, FB; (Figure 6(b)). The face width is thus defined as the distance
between FB;. Next, a group of pixels 1/6 the width of the face are extracted from the
left corner of the mouth along the slope slanting outward at 45 degrees. The Gaussian
first-order differential kernel convolves with these pixels to look for the maximum response
corresponding to the face boundary point. The right boundary point is similarly obtained.
These two points are denoted FBy (Figure 6(b)). The 4 points FB; and FB, are then
extended from both the left and right sides to the intersection, and sketching the triangle
containing the area below the mouth and the chin tip (Figure 6(b)). Because the chin tip
is not at the lowest point of the triangle, we can limit the search range of the chin tip be-
tween the mouth and 1/2 of the face width below it. Subsequently, histogram equalization
is applied to this trapezoidal area (Figures 6(c) and 6(d)). Taking the mean for every row
to obtain the average brightness distribution (ABD). The chin tip is somewhere below the
mouth and above the neck, where the brightness turns from bright to dark. Therefore,
the minimum value of the first-order derivative of ABD will correspond to the chin tip
(Figures 6(b) and 6(e)). The profile of the chin outline is drawn with a curve (Figure 6(f))
that fits the five already determined chin-boundary points (Figure 6(b)). We determine
the chin features from the chin outline by using the chin classification algorithm [14]. The
tangent angle of every point on the chin outline is calculated, and then the maximum and
minimum values of their second-order derivatives are calculated to determine the turning
points. The distance between the two turning points is defined as the chin width (Figure
6(g))-

The chin outline provides four sets of information: face width, chin curvature, face
length (from the midpoint between the eyes to the tip of the chin), and chin width [14].
The Pearson correlation coefficient in system (19) is calculated to avoid highly correlated
features. The chin curvature and chin width have a high correlation coefficient, which
implies that the two features provide essentially the same information.

— > (i —2) (7 — 9)
VY (@i — )2 (yi — y)? (19)

Vzy
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(e)

FIGURE 6. (a) One facial feature image; (b) the five face boundary points
and the bounding area used to locate the chin tip; (c) the trapezoidal area
cropped from the triangle bounding area; (d) the trapezoidal area after
histogram equalization; (e) the first-order derivative of ABD in which ‘e’
corresponds to the chin tip; (f) the interpolated chin outline; (g) the de-
tected chin width.

Because the chin curvature is easier to obtain, we discard the chin width. The values
of the remaining three features are distance-dependent; specifically, they are dependent
upon the distance between the face and the camera. To eliminate the effect of distance,
we used three distance-independent features: curvature x face width, curvature x face
length, and face width/face length [14]. We then use these three values to find the most
effective feature combination. We adopt k-means to group the feature clusters and use
silhouette method [24] to estimate the number of clusters represented in the data. We
find that when the cluster number is 2, the combination of curvature x face length and
face width/face length, the silhouette index reaches its maximum value. To automatically
classify the chin outline, we adopt the back-propagation neural network as the classifier.

4. Face Identification. Gabor Wavelet Transform (GWT) is a common method for
feature extraction. It is similar to a human’s visual sense on texture features, and it
contains the distinct features of direction selection and frequency selection. Hence, it is
widely used in image recognition and classification. We use GWT as the feature extraction
method for our webcam roll-call system. The most common Gabor wavelet filters have
eight directions and five scales — thus, forty filters in total. Because the facial features
are concentrated horizontally and vertically, we use only those two directions and four
scales — thus, eight filters. We use the GWT by convolving the image I(z,y) with the ten
Gabor wavelet filters, respectively. The resulting images are then arranged to get Gabor
Faces (GFs). Because the dimensionality of the GFs is large, it has to be reduced for
further processing. Principal Component Analysis (PCA) is a common method to reduce
dimensionality. PCA not only reduces the number of dimensions for easier calculation, but
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it also eliminates the dimensions with noises. However, the disadvantage is that the GF
needs to be arranged into a row vector for PCA, which means that the relations between
rows in the original image may be neglected. Therefore, we used 2D-PCA to avoid this
disadvantage. We then use a support vector machine (SVM) for the final human face
recognition.

5. The Experimental Results. We used a Logitech QuickCam Pro 4000 to acquire
images. The camera acquires 15 frames per second at a maximum resolution of 320 x 240.
The database contained the names and student numbers of 30 college students whose
presence or absence in the computer classroom was to be determined. The experiment
took one minute (900 frames) of video of each student at different angles: front, side,
lower head, and chin up, and at different distances. The frontal view frames were de-
termined using the human face verification method mentioned above, and then human
face recognition followed. Ten frontal face images of each student were used to train the
chin-shape and face-recognition classifiers.

We tested the performance of the proposed system in two experiments. The first was a
skin detection experiment on the subsequent frames based on the skin tone distribution
derived from the first frame using mean-shift clustering. To find the most suitable A value
for skin tone segmentation in the mean-shift algorithm, we compared the segmentation
error rates (SER) defined in system (20) for different h values. The segmented skin
tone area determined by hand is denoted as Ap, and the segmented area determined
by mean-shift is denoted as Ap;s. The compared results are shown in Figure 7. From
this experiment, we learned that when A is 9, the minimum error rate was 11.57%. The
skin-tone segmentation results for one student with various poses are shown in Figure 8.
The missed skin areas are on the sides of the nose and cheeks corresponding to darker
and lighter areas, respectively. Those missed areas are inside the face; thus, they can
be compensated for with a filling operation that causes no problems for the subsequent
analysis.

Y XOR(Ag, Ans)
> An
The second experiment tested the effectiveness of the roll-call system. From a collection

of 20 front images of each student in one class with 30 students, 10 images were randomly
selected for training, and 10 for testing. That is, we have 300 images for identification.

SER =

x 100 (20)
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Error rate%

40

20

F1GURE 7. The skin segmentation errors for different mean shift radiuses
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FIGURE 8. Some skin segmentation results for one subject with various poses

We found that our system can correctly recognize all students. We also found that chin-
outline information indeed improved the recognition performance. Some students were
mismatched when the chin-shape classification stage was omitted and only GF's informa-
tion was used. Using the chin-shape classification stage, however, eliminated this error.
We also compared the performance of our method with that of the method proposed by
Ekenel et al. [25], which we chose because it also uses video sequences as input. Both
methods were required to recognize the same test video sequences. The recognition rate
was 95% for their method [25]. The comparison result shows that our system can provide
superior performance.

6. Conclusions. In this paper, we proposed and tested an automatic roll-call system to
help teachers take attendance in computer classrooms. The system consists of a two-stage
student identification scheme — chin-shape classification and holistic face-recognition, in-
spired by how humans perceive faces. First, the system uses a mean-shift based skin-color
modeling to segment the probable face areas. These areas are then verified by examining
the relationship between the eyebrows and eyes and both in-plane and out-plane rota-
tions. The face is then classified as a specific face shape by analyzing the chin shape.
This face-shape classification step improves the face-recognition stage because it reduces
the candidate number of possible faces. The system uses Gabor wavelets to extract the
facial features, and 2D-PCA is applied to reduce feature dimensionality. Finally, the sys-
tem uses SVM to identify the corresponding student for the face being processed. Our
experimental results showed that our system correctly identified 100% of the tested stu-
dents. In addition, from the experimental results we also note that face-shape information
improved the system’s face-recognition performance. Taken together, all these findings
strongly indicate that our system is a good candidate for an automatic roll-call application
in computer classrooms.
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