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Abstract
Gesture recognition avoiding the extraction of features is pre-
sented. A new nonlinear minimum norm template matching
technique based on the theory of Reproducing Kernel Hilbert
Spaces is introduced. Promising results are obtained and future
work highlighted.
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1. Introduction
Gesture recognition has become a popular computer vision re-
search field. The primary goal of gesture recognition research
is to create a system which can identify specific human ges-
tures and use them to convey information or control a device.
A distinction has to be made between static and dynamic ges-
ture recognition. Static gesture recognition involves the iden-
tification of hand gestures using classical image processing
techniques, based on segmentation and feature extraction. Dy-
namic gesture recognition approaches often involve hand, arm
or body gestures to characterize the motion of a particular body.

The emphasis of this paper is on static gesture recognition
based on a new nonlinear template matching framework derived
from the theory of Reproducing Kernel Hilbert Spaces. Our the-
oretical framework is presented in section 2. The experimental
procedure used is outlined in section 3 and our experimental
results are discussed in section 4. Section 5 concludes our pre-
sentation and highlights future work.

2. Theoretical Framework
2.1. RKHS of Polynomials

In this section, Reproducing Kernel Hilbert Space (RKHS) in-
terpolator theory is summarized for the special case required
for our application. For a more general discussion on RKHS
interpolators, the reader is referred to [1] and [2].

Consider the space of all real-valued multi-variable polyno-
mials of degree n in the variables {xi}N

i=1 and let x := (xi).
We use the symbol Vn to denote this space. An element of this
space is a function F : R

N→ R. With the members of Vn, the
Hilbert space Hn is constructed by introducing an inner prod-
uct, (F, G)Hn

and a real-valued function K : R
N × R

N→ R

such that
K(x, ·) ∈ Hn, (1)

and
(G, K(x, ·))Hn

= G(x). (2)

A function K satisfying Eqs. 1 and 2 is defined as the reproduc-
ing kernel of the space Hn, making Hn an RKHS as explained
in [3], [4] and [5]. Equation 2 implies that point evaluations
on the possibly non-linear function G, become the evaluation

of linear functionals on Hn. In the next subsection we demon-
strate how this property allows one to use orthogonal projection
methods in Hn to solve an interpolator problem.

2.2. Orthogonal projection in an RKHS

Suppose we have an unknown function F : R
N → R,

of which we only have a set of acquired input-output pairs,
{(xi, yi)}m

i=1 . By assumption, these input-output pairs are re-
lated by

(F, K(xi, ·))Hn
= F (xi) = yi , i = 1, . . . , m , (3)

called the interpolative constraints. Here m denotes the num-
ber of available input-output pairs. The minimum norm inter-
polator, say F̃ , as an element of the RKHS Hn, subject to the
interpolative constraints, has the form

F̃ (x) =
m∑

i=1

Ci K(xi,x) , i = 1, . . . , m . (4)

Note that the approximant F̃ is linear in the unknown parame-
ters {Ci}m

i=1. Requiring that the above expression for F̃ satisfy
the interpolative constraints, produces a system of linear Eqs.
which is solved for the weights {Ci}m

i=1. The following theo-
rem, stated by Zyla and De Figueiredo [4] for Bochner spaces,
but adapted here for our purposes, formalizes this result:

Theorem 1 [4] Given that the input-output map F̃ to be iden-
tified belongs to Hn, and assuming that we are provided with a
set of test input-output pairs

{(xi ∈ R
N , yi)}m

i=1 (5)

where xi, i = 1, . . . , m, are linearly independent elements
of R

N , the problem has a unique minimum norm solution ex-
pressed by

F̃ (x) =
m∑

i=1

Ci K(xi,x) , i = 1, . . . , m . (6)

The coefficients Ci are given by the expression

C = G−1y (7)

where

C := (C1, ..., Cm)T ,

y := (y1, ..., ym)T

and the Gram matrix, G is given by

G := K(xi,xj) = (Gij) i, j = 1, . . . , m.



Refer to Luenberger [6] for conditions under which the
Gram matrix is invertible. If the Gram matrix is found to be
ill-conditioned or badly scaled (as is the case for our applica-
tion) one can resort to the pseudo-inverse, but keep in mind that
the RKHS results will then only hold approximately. Theorem
1 will now be used for the derivation of our matching frame-
work. It will be assumed that there exist a Minimum Norm Tem-
plate (MNT) associated with each class which can be inferred
using k Desirable Image Templates (DITs) and m−k Undesir-
able Image Templates (UITs) where m ≥ k. For the application
considered in this paper the DITs will be instances of a gesture
belonging to a specific class. The UITs will be instances of
gestures not belonging to the DIT class (i.e. instances of ges-
tures from all the remaining classes). For simplicity it will be
assumed that the DITs and UITs are all square, have equal di-
mension and are represented by Xi ∈ R

N̄×N̄ .
To derivation of an MNT for each class is summarized by

the following steps:

1. Choose a kernel.

2. Define the test input-output pairs, i.e. the DITs and
UITs.

3. Calculate the interpolator coefficients which together
with the DITs and UITs will yield the MNT.

2.3. The test input-output pairs {(xi ∈ R
N , yi)}m

i=1

For the DITs (i.e. i ≤ k) the yi values in Eq. 5 are normally
chosen equal to a large value, say γ. The rest of the yi val-
ues for the UITs are set to −γ. Each xi is simply set equal to
vec (Xi) ∈ R

N where vec (·) is the matrix vectorization oper-
ator and N = N̄2.

2.4. Reproducing kernel K(x, z) examples

Although the theory is general enough for also using other re-
producing kernels we will only focus on three types of kernels,
namely the linear kernel

K(x, z) = xT z, (8)

the polynomial kernel,

K(x, z) =
(
1 + xT z

)d

, d ≥ 1, (9)

and the polynomial kernel without cross terms

K(x, z) =

1 +
d∑

β=1

(
xβ

1 zβ
1 + xβ

2 zβ
2 , ..., xβ

Nzβ
N

) , d ≥ 1.

(10)

2.5. The minimum norm template

Once the interpolator coefficients are obtained an MNT can be
inferred for each class. When using the linear kernel it is easy
to show that the MNT has the form

x̃ =

m∑
i=1

Cixi (11)

and that K(x̃, · ) will satisfy

K(x̃,xi )

{
> 0 for i = 1, ..., k
< 0 for i > k

.

Figure 1: Exemplars from the 10 different classes.

When the DITs and UITs are linearly separable, the suit-
ability of using devec(x̃) ∈ R

N̄×N̄ as an object template is
obvious. Here devec denotes the inverse of vec.

When our input training pairs are not linearly separable we
will resort to polynomial kernels. First consider the kernel given
by Eq. 9. For simplicity we will consider the case where d = 2.
By using similar arguments as for the linear kernel case it can
be shown that

x̃ =
m∑

i=1

Cix̄i, (12)

where x̄i =
[[

1 xT
i

] ⊗ [
1 xT

i

]]T
and ⊗ denotes the Kronecker

Tensor Product. Similar to the linear case,

x̃T x̄i =

{
> 0 for i = 1, ..., k
< 0 for i > k

.

These results can be readily extended for cases where d > 2.
When d = 3 for example we have

x̃ =

m∑
i=1

Ci

[[
1 xT

i

]
⊗

[
1 xT

i

]
⊗

[
1 xT

i

]]T

.

The polynomial kernel without cross terms given by Eq. 10
can be seen as a compromise between the linear kernel and the
polynomial kernel given by Eq. 9. The Minimum Norm Tem-
plate (MNT) for this case can be expressed as a concatenated
vector given by

x̃ =

[
m∑

i=1

Ci,
m∑

i=1

Cix
1
i ,

m∑
i=1

Cix
2
i , ...,

m∑
i=1

Cix
d
i

]T

(13)

where xd
i denotes that every element of xT

i is raised to the
power d. Once again

x̃T x̄i =

{
> 0 for i = 1, ..., k
< 0 for i > k

,

where x̄i := [1xi x2
i ...x

d
i ].



Figure 2: Training exemplars for class 2.

3. Experimental Procedure
To test our methodology we used 10 image classes. An exem-
plar from each class is given in figure 1. For each class twelve
training exemplars and 12 test exemplars were used to derive the
minimum norm template and test the methodology. As exam-
ples figures 3 and 5 show the test exemplars for classes two and
three. Figures 2 and 4 show the training exemplars for classes
two and three.

An MNT was constructed for each class using the polyno-
mial kernel without cross terms with d = 5. The 12 training
exemplars from each class were used as the DITs and the re-
maining 108 training exemplars from the nine remaining classes
were used as the UITs. As it can be shown that the classes are
not linearly separable we have not implemented the linear ker-
nel. The polynomial kernel yielded a marginal improvement
in performance, but at a considerable increase in computational
complexity. For the DITs (i.e. i ≤ k) γ was chosen as 1E3 and
for the UITs α was chosen as -1E3.

Once we have obtained the MNT x̃T x̄ was computed for
each of the 120 exemplars in the test set. If a positive value was
obtained when comparing to a test exemplar a match was regis-
tered and if a negative value was obtained a mismatch was regis-
tered. Note that using this procedure enabled us not only to cal-
culate the number of matches for an MNT derived for a specific
class with test exemplars of the same class, but it also enabled
us to calculate the number of mismatches with test exemplars
belonging to the remaining nine classes. We used the number
of matches for an MNT (derived for a specific class) with test
exemplars of the same class to yield a percentage we termed
the Probability of Detection (PDET). The number of matches
for a template derived for a specific class with test exemplars
belonging to the nine remaining classes was used to calculate a
percentage we termed the Probability of a False Alarm (PFA).
PFA can be interpreted as an estimate of the probability of clas-
sifying an exemplar not belonging to the class of the MNT in-
correctly (i.e. as belonging to the class of the MNT). PDET on
the other hand can be interpreted as the probability of correctly
classifying an exemplar belonging to the class of the MNT. It is
important to note the PFA expressed as a percentage is not equal
to (100-PDET) since an MNT can register a match with an ex-

Figure 3: Test exemplars for class 2.

emplar belonging to the same class as well as with an exemplar
NOT belonging to the same class.

We have compared our method with a feature-based K
nearest neighbour approach. After segmentation 13 features
were extracted namely

1. segmented area

2. convex hull

3. euler number

4. centroid

5. convex image

6. bounding box parameters

7. convex area

8. diameter

9. major axis length

10. minor axis length

11. orientation

12. eccentricity

13. filled area

However, to improve accuracy, feature subset selection was
performed using Thornton’s Separability index. As pointed out
by Green [7] Thornton’s separability index is defined as the
fraction of a set of data points whose classification labels are
the same as those of the nearest neighbour. Alternatively it can
be viewed as a measure of the degree to which inputs associ-
ated with same outputs tend to cluster together. The value for
the separability index will be close to 1 for a set of data points in
which those with opposite labels exists in tight, well - separated
clusters. As the clusters move close together and points from
opposing classes begin to overlap, the index will begin to de-
crease. The best separability index of 0.78 was obtained when
using only four features, namely

1. major axis length

2. width of bounding box

3. height of bounding box

4. euler number



Figure 4: Training exemplars for class 3.

Table 1: Estimated PDET for each class
Class Estimated PDET (percentage)

1 75
2 83
3 83
4 100
5 91
6 58
7 92
8 75
9 100
10 75

4. Experimental Results
The PDET performance figures are given by table 1 and the
PFA performance figures are given in table 2. The performance
of the K nearest neighbour approach for K = 3 and K = 5 are
given in tables 3 and 4. For the K nearest neighbour approach
selected features were not orthogonalized.

From the results it is obvious that the our featureless ap-
proach performed better than a feature based K nearest neigh-
bour approach. An interesting feature of the proposed method is
the exceptionally low PFA figures which are all below two per-
cent. All the PDET figures are ≥ 75 percent, except for class
six. An exemplar from class six is shown in figure 6.

5. Conclusion
A promising gesture recognition technique avoiding the extrac-
tion of features was presented. This technique, based on the
derivation of an MNT using interpolator coefficients, DITs and
UITs, showed promising results. Future work will focus on
the improvement of robustness and recognition against cluttered
backgrounds.
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