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Abstract— The 22q11.2 deletion syndrome is a common genetic
condition with an estimated prevalence between 1:2000 and
1:6000 live births in the US. The syndrome is manifested
in multiple different craniofacial features. The nasal area is
known to play a role in assessing the extent of dysmorphology
of an individual patient. In this paper, we present a method
for detecting and assessing the severity of a common nasal
feature: the bulbous nasal tip. Our method locates the nose
and computes four descriptors, each of which leads to a
severity score. Experiments with the four severity scores and
a combinations of the best two show that using all five scores
gives the best prediction of bulbous nasal tip. Furthermore, the
bulbous nasal tip measures outperformed both the median of
human experts and our own prior work on global descriptors
[12] for prediction of 22q11.2DS.

I. INTRODUCTION
With the sequencing of the human genome completed over
five years ago, the biological and functional annotation
of each chromosome is an important part in completing
our scientific knowledge. From a medical perspective,
understanding the correlation between an individual’s
genetic makeup and the phenotypic expression of his
genotype will be informative of the genetic control needed
for normal development and will aid in the development of
new treatment options.
There are several genetic diseases which have characteristic
facial features. Although there has been much study of
these features in a medical setting, most have been based
on landmarks and statistical anthropometric measurements,
rather than on the actual shape of the feature in question.
The nasal area is known to often play a role in assessing
the extent of dysmorphology of an individual patient.
In this paper, we detect and assess the shape of a bulbous
nasal tip (BN T ) in a general population control group
and a group of individuals affected by 22q11.2 Deletion
Syndrome. In Section 2 we discuss the related work in this
area. In Section 3 we present a new approach to detecting
nasal landmarks, and we pioneer the use of descriptors and
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Fig. 1: Depth image and nasal landmarks

severity measures for use on the bulbous nasal tip facial
feature. In Section 4 we present our experiments and results.
We conclude the paper in Section 5 and suggest directions
for future research.
II. RELATED LITERATURE
Although there has been much vision work in facial feature
detection, it has often been motivated by biometric or
recognition tasks[1]. From the medical perspective, the
analysis of facial features has commonly been based in
anthropometric studies[2] with focus on detecting pre- and
post- surgical differences [3][4]. The recent popularity of
phenotype-genotype studies has produced a few methods
for describing facial morphology[5][6], but in each case,
these have been global descriptors, rather than focusing on
specific facial features.
With respect to automatic landmark detection, most
methods involve using some variant of additional data: [7]
used facial texture data, [8] fits a predefined model to each
face, while [9] uses a hand-labeled subset to specify the
location of landmarks on new faces. The work in this paper
is most closely related to that of [10][11] where only depth
information is used to detect landmarks. No fully automatic
methods have been developed for analysis of 22q11.2DS.
III. METHOD
The data used in this research are pose-aligned depth images
[12] of children’s faces, which were extracted from 3D data
collected by the Craniofacial Center of Seattle Children’s
Hospital (SCH) using the 3dMDcranialTM imaging system.
The study participants were between the ages of 0.8 and 39
(median 4.75) years, and 51% were female. All participants
had a laboratory-confirmed 22q11.2 deletion. The study
procedures were approved by the SCH Institutional Review
Board.

A depth image is a 2D matrix I, for which the width
W is defined along the x-axis, the height H along the
y-axis, and the values of the pixels, or depth, on the z-axis,
Fig. 1a.
(a) d=10

There are five nasal landmarks of interest (Fig. 1b):
sellion(s), pronasale(prn), subnasale(sn), and left and right
alae(al). For each depth image I, there is a set of points Imax
at the maximum z-value (Zmax ) which can be represented
by
n
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The geometric center of these points (xprn ,yprn ), is the
pronasale. The sellion and subnasale can be found as the
local minima on either side of the pronasale on the line
M idline = Ixprn

(2)

To find the left and right alae, matrix N Tsn is defined as the
nasal tip thresholded by Zsn , the depth of the subnasale.
N Tsn = (I ≥ Zsn )

(3)

As a starting point for the locations of the alae, the points
located at left and right boundaries of N Tsn must be found.
For symmetrical faces, the y-values for the left and right alae
are equal, but for an asymmetrical face, yal is the average
between the left and right alae y-values.



avg y : N Tsn (xmin , y) = 1 ∩ N Tsn (xmax , y) = 1

(4)

where

xmin = min N Tsn (x, y) = 1
x

xmax = max N Tsn (x, y) = 1
x

(6)

DistL (x, y) = Ix+1,y − Ix,y

(7)

DistR (x, y) = Ix−1,y − Ix,y

(8)

The points with the sharpest slope on the horizontal line
through yal are xal,L and xal,R defined as

xal,R =

x:x<xprn

max

x:x>xprn

(a) Rd and Cd

DistL (x, yal )
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DistR (x, yal )
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(b) Td

(c) Ud

Fig. 3: The nose area compared to the bounding box and
different descriptor shapes.

B. Bulbous nasal tip (BNT) descriptors
The nose region is grown using the pronasale as a seed pixel,
while the threshold is decreased gradually. N Td is the matrix
of pixels in image I, thresholded by depth Zmax − d, where
d is varied from 0 to Depthnose = Zmax − Zsn (Fig. 2)
N Td = (I ≥ Zmax − d)

(11)

To normalize the bulbous features, the bounding box Bd
for each N Td is constructed, with the
 geometric center of
Bd denoted by Bd,C (x), Bd,C (y) . The following four
descriptors are calculated:
Rectangularity: The ratio of nose area N Td to area
of its bounding box Bd
Rd =

(5)

To find xal,L and xal,R , the location of the attachment of
the nose to the face must be found. This is done by defining
a distance function between a point and its medial neighbor
of the same y-value.

max

(c) d=20

Fig. 2: Nose region growing as d increases.

A. Detecting nasal landmarks

xal,L =

(b) d=15

num(N Td = 1)
area(Bd )

(12)

The range of Rd is from 0 to 1; 1 is predictive of BN T .
Circularity:
The difference between N Td and the
matrix Ellipsed which represents an ellipse inscribed in
the bounding box Bd , with the same center as Bd , vertical
diameter equal to the width of the bounding box Bd,W and
horizontal diameter equal to the height of the bounding box
Bd,H .
Px,y
|N Td (x, y) − Ellipsed (x, y)|
(13)
Cd =
area(Bd )
The values of Ellipsed (x, y) are defined as
1
0

(x−B

(x))2

if (B d,C/2)2 +
d,W
else

(y−Bd,C (y))2
(Bi,H /2)2

≤0

(14)

The range of Cd is from 0 to 1; 0 is predictive of BN T .

(a) R threshold

(b) C threshold

(c) T threshold

(d) U threshold

Fig. 4: Nose area in relation to bounding box area for two
individuals of the same age and gender with and without
BN T .

Triangularity: The difference between N Td and an isosceles
triangle T riangled inscribed within the bounding box Bd .
Px,y
|N Td (x, y) − T riangled (x, y)|
Td =
(15)
area(Bd )
The range of Td is from 0 to 1; 1 is predictive of BN T .

Fig. 5: Empirical approach to threshold detection for each
descriptor.

IV. EXPERIMENTS AND RESULTS
A. Ground Truth

Upper rectangularity: The area of the portion of the
nose above yprn compared to its bounding box (BUd ). This
is the same as the Rd calculation, except that only points
above yprn are considered.
Ud =

num(N Td = 1)
, y < yprn
area(BUd )

(16)

The range of Ud is from 0 to 1; 1 is predictive of BN T .
C. Severity scores and bulbous nose coefficients
For each descriptor δ listed above, a severity score Sevδ is
defined as the portion of values bigger than threshold T hδ
as d varies from 1 to Depthnose .
num(δd > T hδ )
(17)
Depthnose
In each case, T hδ was empirically chosen to maximize
the difference of average values for severity score Sevδ
between individuals with and without BN T .
Sevδ =

For clarity, the calculation of SevR is described. Given
two individuals, one with and one without BN T , Rd was
calculated at each increment of d, with the resulting values
plotted in Fig. 4. The count of points above T hR = 0.7
for the individual with severe BN T is significantly greater
than that of the individual with no BN T , yielding severity
scores SevR of 0.9 and 0.3 for the individual with and
without BN T , respectively.
Using the two most basic descriptors, Rd and Cd , the
bulbous coefficient can be defined as the combination of
their severities
β = SevR (1 − SevC )

(18)

Returning to the example from Fig. 4, the severity scores β
for the individuals with and without BN T were 0.54 and
0.08, respectively.

A survey of the severity of the bulbous nasal tip in 86
individuals (43 affected with 22q11.2DS, 43 control) was
administered. For each individual, based on a flat image of
the 3D head, three experts rated the quality of the bulbous
nasal tip as 0, 1, or 2, where 0 = no BN T , 1 = moderate
BN T , and 2 = severe BN T . Due to inter-rater discrepancies,
the automatic calculations are compared to the median score
for each individual.
B. Threshold choice
For each descriptor δ, threshold T hδ was found empirically
to maximize the difference of average values between
individuals with and without BN T . To find these thresholds,
severity scores of all individuals were calculated in threshold
increments of 0.01 between 0 and 1. For each increment
step the average of the group without BN T and the average
of the group with BN T were calculated. The difference
between these two groups was then maximized for each
descriptor yielding T hR = 0.71, T hC = 0.10, T hT = 0.37,
and T hU = 0.67 (Fig. 5).
To check that T hδ are stable in the population, the
above experiment was repeated for an expanded set of
individuals totaling 164 (53 affected with 22q11.2DS). For
each of the four descriptors, the new thresholds were found
to be unchanged.
C. Predicting presence of bulbous nasal tip
Each of the four descriptors and the bulbous coefficient were
tested as to their ability to properly predict the existence of
a bulbous nasal tip. The WEKA [13] suite of classifiers was
used, and the Naive Bayes classifier was selected due to
its strong performance in our prior studies [12]. To prevent
overtraining, the classification was performed as 10-fold
cross-validation. Although using just the bulbous coefficient
yielded very good results, the best performance was when

using all five descriptors together (Table I) with Naive Bayes
as the classifier. Performance is reported in terms of accuracy
(percent of all decisions that were correct), recall (percentage
of all affected individuals that are correctly labeled affected),
precision (percentage of individuals labeled affected that
actually are affected), and a summary measure called the
F-measure, which is a combination of precision and recall.

features developed for face recognition or face detection,
the descriptors we proposed were motivated by discerning
the morphological differences caused by 22q11.2 deletion
syndrome. Based on the experiments described, the
parameters in the method are stable. The descriptors can
detect the existence of a bulbous nose tip properly and can
predict the presence of 22q11.2DS.

TABLE I: Severity measure performance in detecting bulbous nasal tip as compared to experts’ median rating.

Although this paper has focused on bulbous nasal tip,
there are three additional nasal features associated with
22q11.2DS: prominent nasal root, tubular appearance and
small nasal alae[14]. In future work we plan to develop
descriptors for these three nasal features and expect detection
of 22q11.2DS to increase in accuracy.

Data Set
F-measure
Precision
Recall

SevR
0.79
0.80
0.82

SevC
0.82
0.81
0.86

SevT
0.70
0.64
0.79

SevU
0.79
0.75
0.87

β
0.87
0.85
0.92

All
0.88
0.88
0.90

%Accuracy

75.32

77.86

59.85

72.97

83.82

85.78

D. Predicting the presence of 22q11.2 deletion syndrome
The ability to correctly predict 22q11.2DS for each individual based solely on the quality of the bulbous nasal
tip was tested. One of the comparisons was made to the
median of the human expert scores for each individual. The
second comparison was to previous work by the authors
[12], where global features were used on three different
data representations to predict 22q11.2DS. This previous
work had already improved on the experts’ predictions, and
in this paper, just by using the bulbous nose measures
described, the results were further improved to a F-measure
of 0.74 (Table II). Although such improvement may not
seem significant, observe that the recall between methods
is improving significantly with only a slight decrease in
precision.
TABLE II: Using bulbous nasal tip severity measures and
bulbous coefficient to predict 22q11.2DS.
Data Set
F-measure
Precision
Recall

Experts’
median
0.68±0.18
0.81±0.20
0.63±0.23

Global
measures
0.72±0.18
0.80±0.20
0.69±0.22

Bulbous
measures
0.74±0.16
0.79±0.18
0.74±0.21

%Accuracy

72.49±14.42

75.46±15.81

75.28±14.33

V. CONCLUSIONS AND FUTURE WORK
In this paper, we present a novel method for automatic
bulbous nasal tip detection on 3D faces. Unlike other
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