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Abstract. A semiautomatic segmentation method for images of allergic
reactions in skin prick test is proposed. The method is based on elliptic
model for the shape of the wheal, and it uses the kernel Fisher discriminant for grayscale projection and for measuring the separability of the
object and the background areas. Experiments indicate that the method
is robust and the results are close to those obtained manually.
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1

Introduction

The skin prick test is a standard allergy diagnosis method. Compared to its
alternatives, e.g., measuring the antibody levels in the blood, it is simpler and the
results are available immediately. In a typical skin prick test, multiple allergens
are tested at the same time by placing drops of allergen extracts on the patient’s
skin (usually on the forearm) and piercing the skin with a small metal lancet.
A positive reaction induces a raised itchy area, a wheal, whose size is used for
estimating the sensitivity to certain allergen. Traditionally, a medical doctor uses
a ruler to manually measure the size of the wheal. The test procedure assumes an
elliptic shape, with possible elongated branches (called pseudopodia) disregarded
and the result of the measurement is the mean of the major and minor axes of
the imaginary ellipse [10]. An illustration of the measurement is in Figure 1. As
can be seen, most practitioners apply pressure to improve the visibility.
Problems with the traditional method are that the measurement result is
subjective and only one measurement can be taken at a single time instant (so
all wheals are not measured simultaneously). The wheal growth speed may also
have some clinical importance, which can not be exploited today. Additionally,
no documentation is left from the reaction (besides the possibly biased measurements). Thus, automation of allergy test using image analysis is of interest.
Several approaches using digital photography and subsequent image analysis
for skin erythema detection and melanoma detection have been proposed. There
exists a lot of literature on melanoma segmentation [2,4,5], but only a few studies
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Fig. 1. Manual allergy measurement

of measurement of allergic reactions from 2D pictures [8,9], 3D proﬁles [10] or
other specialized imaging hardware [13]. Our concern is in low-cost 2D digital
color photography. Among these, Roullot et al. [9] considers seven well known
color spaces and compares the separability of the reaction from the background
using a training database. As a result, they discover that the optimal dimension
among the color spaces is the a∗ -component of the L∗ a∗ b∗ color space. Using the
extracted a∗ -component, they use simple thresholding for segmenting the wheal.
Nischik et al. [8] also discover the L∗ a∗ b∗ color space most suitable for the
wheal segmentation and use the standard deviations of the L∗ and a∗ components as the features for classiﬁcation. The classiﬁer is trained to separate between foreground (the wheal) and the background (healthy skin) using manually
generated training data. The classiﬁer output determines directly the boundary
between the two regions.
Recent work by Celebi et al. consider ﬁnding optimal color transformation
for extracting the foreground [2]. Although the paper concentrates on melanoma
segmentation, the principle is applicable for other skin diseases, as well. The
paper searches for optimal linear combination of the RGB-components, such
that the output maximizes the separability of the foreground and background.
The foreground and background are determined in each iteration using Otsu
thresholding. Thus, the algorithm iterates all projections deﬁned on a ﬁnite grid,
and tests their performance by measuring the Fisher ratio of the foreground and
background (which are determined using Otsu thresholding).
The method of [2] is an unsupervised method, which attempts to ﬁnd the best
projection without any user manual assistance. However, in our work we study
the case, in which the user points the approximate center of the wheal. From
the practical point of view this is acceptable, because it requires less work than
the manual measurement. However, we plan to automate the detection of the
wheal location in the future. Note also that in the temporal direction, clicking
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Fig. 2. Proposed wheal detection framework

the last image in the time series is enough for determining the wheal location in
all pictures, if temporal motion compensation is used.
The method proposed in this paper consists of the steps in the block diagram
of Figure 2 and are described in the paper as follows. In Section 2, the optimal
grayscale projection is stated in terms of the Fisher Discriminant (FD). Section
2 also considers the Kernel Fisher Discriminant (KFD), which generalizes the
FD using the kernel trick. After describing the optimal grayscale mapping, we
deﬁne an elliptical shape model for the wheal in Section 3. Finally, in Section 4
we present experimental results and conclude with discussion in Section 5.

2

Grayscale Projection

The key problem when searching the borders of the wheal is the poor contrast
between the wheal and skin. An example of a wheal is illustrated in Figure 3 (a).
Although the wheal borders are barely visible, the shape becomes highlighted
when mapped into grayscale in a suitable manner. Well known mappings for skin
color processing include the hue component of the HSV color space (Figure 3 (b))
and the a∗ component of the L∗ a∗ b∗ color space (Figure 3 (c)). In all projections,
we have smoothed the RGB image by convolution with a disc shaped window
of radius 5. However, these are more or less arbitrary, and variability in skin
color and allergic reaction strength may decrease their applicability. Instead,
training based projections may improve the separation further, and make it more
invariant for all patients. An unsupervised method for ﬁnding a well-separating
projection in terms of the Fisher criterion was proposed by Celebi et al. [2],
whose result is shown in Figure 3 (d). In this case the coeﬃcients are 1, -0.1 and
-0.3 for red, green and blue channels, respectively.
Optimality of the grayscale projection can be studied assuming that we know
the approximate location of the wheal. This way we can construct training sets
consisting of the wheal area and the surrounding healthy skin, denoted by S1
and S0 , respectively. With the training sets we can seek for optimal separation
in the RGB space in a supervised fashion.
The training set is acquired as follows. When the user has pointed the approximate location of the center of the wheal, a set of RGB values is obtained
from the neighborhood. In our experiments, the training set of the wheal (S1 )
is obtained inside the circular neighborhood with the radius of 10 pixels. The
training set of the healthy skin (S0 ) is acquired from pixels that are far away
from the center. In our experiments this is done by taking all pixels located at a
radius between 45 and 50 pixels from the center, as illustrated in Figure 3 (h).
The natural tool for optimally projecting the three-dimensions to grayscale is
the Fisher Discriminant, [3]. Fisher discriminant ﬁnds the projection dimension
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Fig. 3. The projection of the wheal in RGB color space. The original RGB image is
shown in Figure (a), and (b) shows the hue component, (c) the a∗ component of the
L∗ a∗ b∗ color space and (d) is the projection proposed in [2]. Optimal Fisher discriminant projection is shown in Figure (e), and the results of its kernelized version are
shown in ﬁgures (f) and (g) using RBF kernel with bandwidth σ selected using Silverman rule of thumb and with ﬁxed σ = 0.5. The training sets are obtained from areas
shown in (h), where the blue center is the foreground sample region and the green circle
is the background sample region.

w that maximizes the separability of the classes in terms of the ratio of the
between-class-variance and within-class-variance; i.e., the so called Fisher ratio:
J(w) =

wT SB w
,
wT SW w

(1)

where SW ∈ R3×3 and SB ∈ R3×3 are the within-class and between-class scatter
matrices, respectively. It can be shown that the optimal direction w is given by
w = S−1
W (μ1 − μ0 ),

(2)

where μ1 ∈ R3 and μ0 ∈ R3 are the sample means of S1 and S0 . An example
of the result of the Fisher discriminant projection is shown in Figure 3 (e).
The FD is a special case of so called Kernel Fisher Discriminant (KFD) [7,11],
which is a kernelized version of the standard FD. As all kernel methods, the KFD
implicitly maps the original data into a high-dimensional feature space and ﬁnds
the optimally separating manifold there. Using the implicit mapping via the
kernel trick, the explicit mapping can be avoided, which allows calculating the
FD even in an inﬁnite-dimensional space.
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In practice the KFD can be calculated implicitly by substituting all dot products with a kernel function κ(·, ·). It can be shown, that all positive deﬁnite
kernel functions correspond to a dot product after transforming the data to a
feature space H with mapping Φ(·) [11]. The feature space H can be very high
dimensional, and the use of the projection vector w directly may be impractical
or impossible. Instead, the famous Representer theorem guarantees that the solution can be represented as a linear combination of the mapped samples [11].
Thus, the Fisher ratio in the feature space is based on the weights of the samples
α instead of the weights of the dimensions:
J(α) =

αT QT SΦ
B Qα
,
αT QT SΦ
W Qα

(3)

where α ∈ RN = (α1 , α2 , . . . , αN )T is the weight vector for the mapped training
Φ
samples in the matrix Q = [Φ(x1 ), ..., Φ(xN )], and SΦ
B and SW are the betweenclass and within-class scatter matrices in the feature space H, respectively.
Similar solution as the one for the Fisher discriminant in Eq. (2) can be found
also for this case, [11]. However the inversion becomes more diﬃcult, since the
dimension of the weight vector α is now the number of the collected training
samples. Therefore, we need a regularization term λI, where λ is a small positive
scalar and I is the N × N identity matrix. In our notation this yields the solution
−1 T
Φ
Q (μΦ
α = (QT SΦ
W Q + λI)
1 − μ0 ),

(4)

Φ
where μΦ
1 ∈ H and μ0 ∈ H are the sample means of the mapped wheal and
skin samples, respectively. It is straightforward to show, that Eq. (4) can be
expressed in terms of dot products and thus the kernel trick, [7,11]. Also the
actual projection of a 
test sample x ∈ R3 can be expressed through the kernel
T T
as y = α Q Φ(x) = N
i=1 αi κ(xi , x).
There are various alternatives for the kernel function κ(·, ·), among which
the most widely used are the polynomial kernels and the Radial Basis Function
(RBF) kernel. We experimented with various kernels, and found out that the
polynomial kernels do not increase the separation signiﬁcantly when compared
with the linear kernel, which is equivalent to the traditional FD. In other words,
all low-order polynomial kernels produce a projection very similar to the ﬁrst
order kernel, shown in Figure 3 (e). However, the separation seems to improve
with the RBF kernel


||u − v||2
.
(5)
κ(u, v) = exp −
2σ 2

There are two parameters in the KFD projection with RBF kernel: The regularization parameter λ and the kernel width σ 2 . Since there exists a lot of training
data in our case, it seems to be less sensitive to the regularization parameter λ
than the width σ 2 . In our experiments we set the value of λ = 10−5 , and if the
condition number of the matrix in Eq. (4) indicates that the matrix is close to
singular, the value of λ is increased ten-fold until the inversion succeeds.
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Fig. 4. Left: The grayscale projection data of the wheal in Figure 3 using KFD projection with RBF kernel and σ = 1. Right: The ﬁnal result after nonlinear LS ﬁt.

Figures 3 (f-g) illustrate the eﬀect of the bandwidth parameter σ 2 . Figure 3
(f) uses the bandwidth selected using so called Silverman’s rule of thumb [12],
1
widely used in kernel density estimation and deﬁned by σ̂rot = 1.06σ̂x N − 5 ,
where σˆx is the sample standard deviation of the data and N is the data length.
In the example in Figure 3 (f) the rule of thumb gives σrot = 1.37. Figure 3 (g)
on the other hand illustrates the result with ﬁxed σ = 0.5.

3

Elliptic Shape Model

The transition from the background (the healthy skin) to the foreground (the
wheal) can be quite smooth, and the KFD-projected image may contain several
individual foreground regions although the image has only one wheal. This is
mostly due to the noise in the data, whose eﬀect is greatly emphasized by the
grayscale projection. Therefore, simple thresholding results in ragged boundaries,
and unrealistic wheal size estimates. In order to increase the robustness of the
segmentation, we ﬁt a shape model for the appearance of the wheal. Since the
manual measurement assumes that the wheals are ellipses, an elliptic shape
model seems reasonable. Thus, the problem is to ﬁnd an ellipse that divides the
image into two maximally inhomogeneous areas.
Since there are an inﬁnite amount of ellipses, we have to limit the search space
somehow. This can be done by ﬁtting a model to the grayscale projection and
considering only the isosurfaces of the model. Based on Figure 3, the Gaussian
surface seems an appropriate model for the spatial grayscale distribution in this
case. Moreover, it suits our assumption of elliptic wheals, because the isosurfaces
of the two-dimensional Gaussian are ellipses.
More speciﬁcally, the Gaussian model is deﬁned by


(6)
f (x; c, x0 , Σ) = c · exp −(x − x0 )T Σ(x − x0 ) ,
where c ∈ R+ deﬁnes the scale of the Gaussian, x = (x, y)T denotes the image
coordinates where the the model is ﬁtted, x0 = (x0 , y0 )T denotes the location of
the peak of the Gaussian and Σ ∈ R2×2 is a symmetric coeﬃcient matrix.
The least squares (LS) ﬁt to the grayscale image data is deﬁned by
min

c,Σ,x0

N

k=0

(zk − f (xk ; c, x0 , Σ))2 ,

(7)
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Fig. 5. Left: The KFDR as a function of the ellipse size. Center: The maximally separating ellipse overlaid on top of the corresponding KFD projection. Right: The maximally
separating ellipse overlaid on top of original RGB data.

where zk denotes the grayscale value at image position xk . Note that the data
has to be preprocessed by subtracting the minimum of zk , k = 0, . . . , N , in order
to avoid a constant oﬀset term in the model.
Fitting the Gaussian is a nontrivial problem, although lot of literature on the
topic exists (e.g., [1]). However, the easiest approach is to use software packages
such as Matlab Optimization toolbox to ﬁnd the optimal parameters. In order
to avoid local minima, we initialized the iterative search with the parameters
obtained from a logarithmic transformation of the model and the data. This
makes the problem linear least squares, and provides a good starting point.
Figure 4 shows the original grayscale data on the left, the result of logarithmic
ﬁtting in the center and the result of nonlinear iterative ﬁtting on the right.
The isosurfaces of the Gaussian ﬁt can be used as candidates for elliptic segmentation. As noted earlier, all the isosurfaces are cross-sections of a paraboloid
and thus ellipses. Moreover, due to ﬁtting, they most likely have the correct
orientation and correct ratio of major and minor axis lengths. Thus, our next
goal is to seek for the best elliptic isosurface among them all.
The deﬁnition of a good ellipse among the candidates needs some measure
of separation between the segmented areas. Recent work by Harchaoui et al. [6]
considers using the Kernel Fisher Discriminant Ratio (KFDR) for testing the
homogeneity between two sets, which coincides well with our use of KFD for
grayscale projection in Section 2.
In other words, we test all ellipses that are cross sections of the ﬁtted Gaussian
and attempt to maximize the KFDR of Eq. (3) with respect to training sets
deﬁned by the ellipse. The situation is similar to the grayscale projection, but
now we are not looking for a good classiﬁer for the RGB data, but only assessing
how well the data could be classified. Unlike Section 2, the choice of the training
samples is now based on the boundaries of the ellipse to be tested. Note that
this is not equivalent to calculating the variances directly from the projections
of Figure 3, because the projection is calculated separately for the training sets
determined by each ellipse candidate.
Sometimes the KFDR separability criterion results in very small ellipses, because a small foreground training set tends to be well separable. As an extreme
example, an ellipse containing only a single pixel has extremely good separability
assuming no other pixel has exactly the same RGB value. Thus, we decided to
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modify the criterion by multiplying it with the cardinality of the smaller training
set. Alternatively, we could set a minimum size restriction for the ellipse.
An example of the separability test is shown in Figure 5. The ﬁgure shows
the KFDR between the "inside" class and the "outside" class for ellipses with
diﬀerent radius. It can be seen that the maximal separation is obtained at radius
42, and the corresponding ellipse is illustrated in Figure 5, as well.

4

Experimental Results

The results from the described method are compared to manual wheal segmentations (made by a non-medical expert). The similarity measure used by Celebi
et al. [2] compares the areas of the segmentations. For our purposes, this is not
an appropriate criterion, since ultimately we are interested in the major and
minor axes of the wheal. The error in areas increases quadratically with respect
to the axes, which is not desirable. Instead, we used the following error criterion
between the computer segmentation A and the manual ground truth B:


Area(OR(A, B)) − Area(AND(A, B))

,
(8)
E(A, B) =
Area(B)
where OR(A, B) consists of pixels segmented as foreground in A or B, and
AND(A, B) of foreground pixels in both A and B. Moreover, Area(A) is the
number of foreground pixels in A. The favourable property of Eq. (8) is that it
increases linearly with respect to the error in major and minor axes. For example,
it can be shown that the error measure for concentric circles with radii r + a and
r − a are equal if the true radius is r. This is not the case with the error of [2].
Examples of segmentation results are illustrated in Figure 6. The ﬁgure shows
the result of manual segmentation (red) compared with the result of the proposed
Table 1. The comparison of automated wheal measurement methods in terms of the
error of Eq. (8). Each row deﬁnes an initial color space, each column corresponds
to a grayscale transformation. The last column corresponds to a manually designed
transformation based on what looks good. In the RGB case, the Ad Hoc transformation
is the diﬀerence G − B, in the L∗ a∗ b∗ case it is the a∗ component, and in the HSV case
the H component.

With
shape
model
Without
shape
model

RGB
L∗ a∗ b∗
HSV
RGB
L∗ a∗ b∗
HSV

Gaussian Gaussian Gaussian
(σ = 0.5) (σ = 1) (σ = σrot )
0.3283
0.2152
0.2331
0.2120
0.2296
0.2141
0.2501
0.2225
0.1951
0.4850
0.2327
0.1871
0.2274
0.1866
0.3017
0.2218
0.2219
0.5129

Linear
kernel
0.4008
0.1853
0.4922
0.2602
0.2403
0.3932

2. order
kernel
0.2119
0.2154
0.3948
0.2170
0.2190
0.3435

Celebi
method
1.5159
1.4405
1.2466
1.1963
1.0266
1.0099

Ad
hoc
0.2552
0.9945
0.6302
0.2799
1.4060
0.4573
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Fig. 6. An example of segmentation result. The red boundary is the result of manual
segmentation, while blue and green boundaries represent the result of our method
with and without the elliptic shape model, respectively. The errors (with / without
shape model) for the ﬁve wheals are as follows (from left to right): 0.3144/0.2157,
0.2284/0.1562, 0.1130/0.2336, 0.1233/0.1269, 0.2457/0.1212.

method with (blue) and without (green) the shape model. Table 1 represents the
average errors with diﬀerent grayscale transformations. The test data consists of
seven wheals including those shown in Figure 6. The ﬁve ﬁrst columns represent
diﬀerent KFD projections designed using training data, while in the last two
columns the projection is designed in an unsupervised or ad hoc manner.
From the results one can clearly see that the KFD projections have the smallest errors. The errors are many times larger in the last two columns. On the
other hand, the best performing projections (e.g., the Gaussian kernel) seems
to make the elliptic shape model unnecessary. On the other hand, this is rather
obvious when looking at, e.g., the result in Figure 3(f), where the separation
between foreground and background is very clear.
Another reason for a worse than expected performance of the shape model is
seen in Figure 6. The manually segmented wheals are not ellipses, so the elliptic
model can not reach zero error even in theory. The best cases are the ones where
the true wheal is ellipse-shaped with no elongated pseudopodia, i.e., 3rd and 4th
wheals from the left. In all other cases the wheal shape is more irregular, and
the shape model results in the largest inscribed ellipse. However, there is some
randomness in the results due to the small N . We plan to study the performance
with larger N and compare them with the manual results of a trained physician.

5

Conclusions

In this paper we proposed a method for automatic segmentation of allergic reactions. The method combines an optimal grayscale transformation with an elliptic
shape model for the allergic reactions. Experiments show that the method can
eﬃciently quantify the size of the wheal. The experiments also indicate that
the grayscale transformation is sometimes powerful enough to render the elliptic
shape mode unnecessary. However, the shape model results may be in coherence
with medical doctor’s measurements, since they also disregard the pseudopodia.
We plan to continue the development of the algorithm into several directions.
One is to consider a recently introduced method of graph cuts with shape priors. It will also be interesting to compare the results with those of a medical
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doctor, together with larger population of test persons. Also the robustness of
the method to, e.g., the starting point pointed by the user is an important
topic for practical applicability. Additional topics of future work include automatic wheal detection and extension of the method to time series measured from
video.
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