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Abstract. In this paper, nearest neighbor convex hull (NNCH) classification 
approach is used for face recognition. In NNCH classifier, a convex hull of 
training samples of a class is taken as the distribution estimation of the class, and 
Euclidean distance from a test sample to the convex hull (the distance is called 
convex hull distance) is taken as the similarity measure for classification. Ex-
periments on face data show that the nearest neighbor convex hull approach can 
lead to better results than those of 1-nearest neighbor (1-NN) classifier and SVM 
classifiers. 
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1   Introduction 

As one of most important biometrics technologies, face recognition has become an 
active research in pattern recognition and data mining area. Similar to many pattern 
recognition problems, solving classification problem is a key for face recognition. 
During the past 20 years many classification methods have been successfully applied in 
face recognition, such as 1-NN [1,2], Neural Networks [3], SVM [4], HMM [5] etc. As 
a non-parametric pattern recognition approach, the single nearest neighbor (1-NN) 
classifier is often used for classification. 1-NN is a most intuitive approach based on the 
nearest neighbor rule, which decides a query to the class including the nearest prototype 
to it. However, the performance of 1-NN is limited by the available prototypes in each 
class, which depends on how prototypes are chosen to account for possible sample 
variations and also how many prototypes are available. Practically no matter how 
representative the prototypes may be, there are always un-prototyped viewings, be-
cause only a finite, often small, number of prototypes are available as compared to all 
possibilities [6]. To adapt for more prototypes changes than the original prototypes, 
many classification approaches have been presented by using the linear combinations 
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of the prototypes to expand the representational capacity of them, such as NLC [6], 
NFL [7], NFP and NFS [8], NNL and NNP [9] etc. Some classifiers also utilize convex 
hull of prototypes to represent training set. In [10], k-local convex distance is used as 
measure, and k-local convex hulls of each class are used to represent the class. Dif-
ferent from the above method, Jiang et al. [11] and Zhou et al. [12] present a new 
classification idea called nearest neighbor convex hull (NNCH) classification, which 
utilizes convex hull of all prototypes per class to represent each class. NCH method 
[13] mentioned by Nalbantov et al. has similar ideas with NNCH. The approaches 
mentioned above are all based on the nearest neighbor rule and provide an infinite 
number of prototypical points to represent the query. In this paper, we apply the NNCH 
method [11,12] for face recognition. Like 1-NN, NNCH is a non-parameters method, 
which uses convex hull of prototypes to represent each class, and Euclidean distance 
between the query and the convex hull is used as the measure for nearest neighbor 
classification. The experiments on Yale face database and FERET face database show 
good performance. 

The rest of the paper is organized as follows: Section 2 introduces foundations of 
NNCH, Section 3 describes NNCH method, Section 4 presents experimental results on 
face recognition. 

2   Foundations of NNCH 

Definition 1 [Convex Set]. Let dRG ⊆ . Say that G  is convex set if, for each 1x and 

2x in G , the line segment between 1x and 2x is contained in G : Gx,x ∈∀ 21  and 

[ ]1,0∈λ , ( ) Gxx ∈−+ 21 1 λλ . 

 
That is, G is convex if, for all 1x and 2x in G and [ ]1,0∈λ , the point ( ) 21 1 xx λλ −+  lies 

in G . 
Given a set S with n elements },,,{ 21 nxxx … , where T

idii xx ),,( 1…=x is d dimensional 

vector in a feature space. We use )(co S to denote the convex hull of S , )(co S is the 

smallest convex set containing set S : 

Definition 2 [Convex Hull]. The convex hull of a set dRS ⊂ is the smallest convex set 

containing set S : },2,1,1,0,|{)(co
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The convex hull of a set S is simply the set of all linear combinations of elements 
of S in which the coefficients of elements of S are nonnegative and sum to 1. Such 
constrained linear combinations are known as convex combinations. 

In this paper the distance measure based on convex hull is used for classification, 
i.e., the distance from a query to a convex hull of training samples of a class is taken as 
the similarity measure. Virtually, the distance problem is a projection problem. Given a 
nonempty set dRG ⊂ and a vector y , the projection problem is the problem of deter-

mining the point Gx ∈ˆ that is the closest to y among all Gx∈ (with respect to the 

Euclidean distance). Formally, the problem is given by  
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2
min xy

Gx
−

∈
                                                                (1) 

When the set G is a closed and convex set, the solution exists and it is unique, as seen 
in the following theorem. 

Theorem 1 [Projection onto Closed Convex Set]. Let H is a Hilbert space, and 
HG ⊂ be a nonempty closed convex set and Hy∈ .  

• (Existence and uniqueness) There is a unique Gx∈ˆ such that 

.minargˆ xyx Gx −= ∈ x̂ is called the projection of y onto G and is denoted by )( yGp .  

• (Characterization) A point Sx∈ˆ is the projection )( yGp if 0ˆ,ˆ >≤−−< xxxy for 

all Sx∈ . 
 
The theorem guarantees the existence and uniqueness of the projection of a vector on a 
closed convex set. That is, for a nonempty closed convex set HG ⊂ and arbi-

trary Hy∈ , xyGy
Gx

−=
∈

min),(d , where ),( Gyd can be computed, and there is a 

unique Gx ∈ˆ such that xyxy
Gx

−=−
∈

minˆ . The projection x̂ is the convex combination 

that is nearest to the query y . The distance between the query and nearest point in the 

convex hull is used as the similarity of the query and the class set. The unique solu-
tion y to the projection problem is referred to as the projection of x̂  on )(Sco . 

3   Nearest Neighbor Convex Hull Classifier 

Inspired by both nearest neighbor rule and the geometric interpretation of SVM, Jiang 
et al. [11] and Zhou et al. [12] presented a new classification method: nearest neighbor 
convex hull (NNCH) method. They use convex hull to extend the representation of 
prototypes and adopt nearest neighbor rule to realize classification.  

The idea of NNCH is to expand representational capacity of prototypes of each class 
by convex combinations. This virtually provides an infinite number of prototypical 
points, and thus can account for more prototypical changes than the original prototypes. 
In the calculation of distance between a query vector and a class, the query is projected 
to the convex hull spanned by the prototypes of this class. The projection point is the 
convex combination that is nearest to the query. The distance between the query and 
convex hull is used as the basis for classification. Based on such distances, the con-
ventional 1-NN classification, which compares each prototype individually, is ex-
tended to the nearest neighbor convex hull classification, which compares the convex 
hulls of each class: the query is classified to the class of the nearest convex hull.  

The idea using convex hull of all samples in a class to represent the class is also de-
rived from the geometric interpretation of SVM. SVM is a robust methodology [14, 15] 
for classification. Intuitively, given a set of points belonging to two classes, SVM finds 
the optimal hyperplane that separates binary class data without errors, while maximizing 
the distance from either class to the hyperplane. In geometry, this is equivalent to sepa-
rating the convex hulls of all samples in each class with maximal margin [16, 17]. So the 
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convex hull of all samples in a class can represent the class space of samples well. In 
NNCH, such convex hulls are considered to extend the representation of prototypes. But 
unlike maximal margin rule of SVM, NNCH uses the nearest neighbor rule to classify. In 
fact, NNCH can be considered as an approach separating the convex hull by nearest 
neighbor rule. In reference [10], k-local convex distances are used for classification, 
which emphasis the local linear construction of sample distribution and use local convex 
hulls to represent the class. But in NNCH, general convex hull of a class is presented to 
represent sample distribution, which is inspired by the convex hull in SVM. 

3.1   Convex Hull Distance 

In NNCH classifier, a convex hull of training samples of a class is taken as distribution 
estimation of the class, and Euclidean distance from a test sample to the convex hull 
(the distance is called convex hull distance) is taken as the similarity measure for 
classification.  

Given a set dRS ⊂ , },,,{ 21 kxxxS …= , the distance function between a query x and 

the convex hull of S can be written in detail: 
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Let ),,,( 21 kxxxX = , ( )T

k×= 11,,1,1e , ( )T

k×= 10,,0,00 , Xαη= , 0ααe ≥= ,1T . Equa-

tion (2) can be written in matrix: 
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As xxT  is constant, which can be discard from the optimal problem. The optimal 
problem we need to solve is 

  
0ααe

XαXαXαx
α

≥=

+

 ，  1     s.t.

2  min

T

TTT

                                                   (4) 

Equation (4) is a convex quadratic optimization. In this paper, we use the MATLAB 
optimal tools to realize the solution. 

Supposed ( )T
k
∗∗∗∗ = ααα ,,, 21α is the optimum solution for (4), projection y is the 

convex combination of elements in S, with the coefficient ∗∗∗
kααα ,,, 21 : 
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3.2   Nearest Neighbor Convex Hull Algorithm 

We assume to have a multi-labeled training set )},(),...,,{( 11 nn cc xxS = , 

where d
i Rx ∈ is a sample and },...,1{ lci ∈ is its corresponding class or label, i.e. there 

are l categories training sets: }1|{1 == ii cxS , }2|{2 == ii cxS , … , }|{ lciil == xS . 

The l convex hulls from different category training sets are: 
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For an arbitrary query ),( cx , dR⊂x , c is class label which is unknown, we need to 

give the c value. We respectively compute the square distance between x and each class 
convex hull:  

2

1
)1(1
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2 min))(,( ηxSx
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We take ))(,(2
jcod Sx as the similarity of x and the jth class, and classify x to the 

class of the nearest neighbor convex hull:  

ljcodc j
j

,,2,1 )),(,(minarg 2 == Sx .                                    (7) 

Compared with 1-NN, NNCH presents infinite samples convex combined by train-
ing samples, whereas 1-NN has the limited training set. Compared with SVM, NNCH 
can be directly used for multi-class problems. For SVM, it usually needs to decompose 
multi-class problems into many two-class problems.  

4   Experiments  

We apply NNCH classifier on face recognition. The comparison experiments of NNCH 
with 1-NN and SVM are conducted on two face databases, ORL and FERET face 
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databases. For SVM, three kernels, linear kernel )( yx ⋅=k , quadratic ker-

nel 2))(1( yx ⋅+=k and gaussian kernel k=exp (-0.5(‖x-y‖/σ)2) are chosen, and a 

bottom-up binary tree-structured approach [4] is used to extend SVM to deal  
with multi-class problems. All of our experiments are carried out under Matlab 7.0 
 platform.  

The first experiment is performed on ORL face database (http://www.cl.cam.ac.uk/ 
Research/DTG/attarchive/facedatabase.html). ORL database contains 40 distinct per-
sons. Each person has ten different images labeled with the number 1,2, … ,10. The 
original face images were all sized 92×112 pixels with 256-level gray scale. Fig.1 
shows ten face images of one subject. In our experiments, all images are transformed to 
JPEG format, and downsampled to 16×16 by bicubic interpolation. We use the first two 
images of each individual and their mirrors as training set. The remaining 320 images 
are as test set. 

 

Fig. 1. Ten face images of one person in ORL face database 

Table 1 gives the comparisons of different methods on face recognition accuracy. 
The penalty parameter of SVMs adopt C=∞, and for gaussian kernel SVM, σ=3. 

Table 1. Results of experiments on ORL face database 

Classification methods Recognition accuracy 
1-NN 86.56% 
SVM(Linear kernel) 85.63% 
SVM(quad kernel) 83.00% 
SVM(gaussian kernel) 86.88 % 
NNCH 87.81% 

 
The second experiment is performed on a subset of FERET face database 

(http://www.itl.nist.go/iad/humanid/feret /feret_master.html). The subset contains 200 
distinct persons. Each person has seven different images labeled with“ba, bd, be, bf, bg, 
bj, bk”. The original face gray images are cropped to 80×80 pixels. Fig.2 shows the 
cropped face images from one subject.  
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ba               bd               be             bf              bg                bj              bk 

Fig. 2. Seven face images for one person in FERET face database 

In our experiments, the images are also downsampled to 40×40 by bicubic interpo-
lation, and the illumination normalization technique is done for compensating illumi-
nation variations of all faces. The first four images (labeled with“ba, bd, be, bf”) of 
each person and their mirrors are used for training, and the rest 600 images are used for 
testing.  

Table 2 gives the comparisons of different methods on face recognition accuracy. 
The penalty parameter for SVMs adopt C=∞, and for gaussian kernel SVM, σ=50. 

Table 2. Results of experiments on FERET face database 

Classification methods Recognition accuracy 
1-NN 75.00% 
SVM(linear kernel) 81.50% 
SVM(quadratic kernel) 83.00% 
SVM(gaussian kernel) 83.67% 
NNCH 86.50% 

 
From the results of above experiments, it is clear that as a whole the face classification 

performance of the NNCH is competitive with that of 1-NN and SVMs. In Table 1 and 
Table 2, NNCH on face recognition all can obtain the highest recognition accuracy 
among the methods. In Table 1, the recognition rate of NNCH (87.81%) is higher than 
1-NN (86.56%) and three kernel SVMs (85.63%, 83.00% and 86.88 %); In Table2, the 
recognition rate of NNCH is 86.50%, which is much higher 11.5% than 1-NN, also 
higher 5% than linear SVM, and higher almost 3% than nonlinear SVMs. 

5   Conclusions 

This paper introduces a novel pattern classification method called nearest neighbor 
convex hull (NNCH) approach for face recognition. In NNCH, a convex combination 
of vectors belonging to a class is used to define a measure of distance from a query 
vector to the class. The measure is defined as the Euclidean distance from the query to 
the nearest convex combination. Experiments on face data show that NNCH leads to 
better results than those of 1-nearest neighbor (1-NN) classifier and SVM classifiers. 
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