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Abstract. Palmprint identification is still considered as a challenging
research line in Biometrics. Nowadays, the performance of this techniques
highly depends on the quality of the involved palmprints, specially if the
identification is performed in latent palmprints. In this paper, we propose
a new feature model for representing palmprints and dealing with the
problems of missing and spurious minutiae. Moreover, we propose a novel
verification algorithm based in this feature model, which uses a strategy
for finding adaptable local matches between substructures obtained from
images. In experimentation, we show that our proposal achieves highest
scores in latent palmprint matching, improving some of the best results
reported in the literature.

1 Introduction

In the last years, the interest in recognition of persons by their palmprints has
grown. There are some scientific studies that ensure the uniqueness of the palm-
print of a person and the much fancied stability over time or age [1]. In this sense
such technique is much better than others, specially in forensic cases where other
biometric information is not available.

Palmprints are marks produced by the contact of the palm of the hand with
a surface. These marks reflect the different patterns formed by the ridges that
are visible in the epidermis. Most of the verification approaches use minutiae as
basis for representing palmprints and checking mutual matches. However, the
features extraction is still a challenging problem since the possibility of finding
false minutiae always exists [6].

There are not many published articles about the topic, specially in the latent
case since palmprint identification is considered as a challenging problem. Until
today, few works on latent-to-full palmprint matching have been done. One of the
first relevant proposed methods was based on a feature called MinutiaCode [6].
However, this proposal is time consuming and not robust to distortions. An-
other recent works use radial triangulations in order to extract features [9,10].
Even when the use of radial triangulations increase the accuracy, the features
extracted from them are still affected by stretching in the skin. Finally, Jain
et al. [7] proposed a method based on minutiae clustering and minutiae match
propagation.
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One of the most relevant contribution of this paper is to present the results of
our palmprint matching algorithm dealing with low quality or distorted palm-
print images. It is important to note that unlike other approaches [6,7,9,10],
our proposal do not uses any enhancement method in the minutiae extraction
process. Our novel matching algorithm uses a representation proposed in litera-
ture [5], called expanded triangle set, which is based on minutia triplets obtained
from Delaunay triangulation and other redundant ones for reducing the nega-
tive effect of structural distortions. Expanded triangle set was previously used
for fingerprint indexing and retrieving tasks [5], whereas it is currently used for
palmprint matching, in our research. In our matching step, we propose a new
strategy to find local matches between substructures formed in the palmprints.

This work is organized as follows. In Section 2 some concepts and definitions
necessary to understand our proposal, are described. The Section 3 is dedicated
to define our palmprint representation and to describe the process of features
extraction. In Section 4, is defined a matching algorithm that uses the features
extracted. In Section 5, some experimental results that validate the accuracy of
our proposal, are shown. Finally, Section 6 contains the conclusions.

2 Background

In this section, we present some basic concepts and a general scheme of palmprint
matching algorithms. Thus, we declare the necessary background for understand-
ing our proposal and the rest of the paper. Finally, we describe the Delaunay
triangulation and its properties, considering that this kind triangulation is used
in many contexts for representing ridges patterns, including our approach.

2.1 The Expanded Triangle Set

In general, a triangulation of a set of points, P = {p1, p2, . . . , pN}, in the plane
is the set of triangles that conforms a maximal planar subdivision whose vertex
set is P . A maximal planar subdivision is a subdivision S such that no edge
connecting two vertices can be added to S without destroying its planarity [2].
Especially, a triangulation of P is a Delaunay triangulation if and only if every
triangle �PiPjPk that belongs to T satisfies that its circumcircle contains no
other point of P [2]. The Delaunay graph of a Delaunay triangulation T is defined
as a tuple G = 〈P,E〉 where P is the set of planar points that originated T , and
E is the set of edges that conforms the triangles of T ; each edge has a single
occurrence in E.

Delaunay triangulations have some theoretical properties, which are very use-
ful for palmprint matching. However, it must be highly affected, when the ex-
traction method fails to find a minutia [5]. For example, in Fig. 1(a), we can
see a Delaunay triangulation of a set of points. In Fig. 1(b), we can appreciate
major structural changes in the same triangulation when removing the vertex
p. In literature there is a proposal that introduces an interesting criterion for
selecting minutia triplets called expanded triangle set [5], which is defined as
follows.
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Definition 1 (Triangular hull). Let pi be a point of P . The set Ni =
{pj|{pi, pj} ∈ E} denoted the point set formed by all the adjacent vertices of
pi in the Delaunay graph G. The triangular hull of pi is defined as the Delaunay
triangulation of the planar point set Ni, and it is denoted by Hi.

Definition 2 (Expanded triangle set). The expanded triangle set of P is
defined as R = T ∪H1 ∪H2 ∪ . . . ∪HN .

The set R includes the triangles in the Delaunay triangulation of P and any
triangle in the triangular hulls of the points in P . Despite the fact that |R| is
greater than |T |, the number of triangles of |R| is still linear with respect to
N [5]. This is very desirable if we consider that the sets R will be used as a
representation for palmprints in verification tasks.

(a) Delaunay
triangulation,

T

(b) Delaunay
triangulation
without pi, Hi

(c) Expanded
triangle set,
R = T ∪Hi

Fig. 1. Triangle set examples

The advantage of the set R is that it contains all of the Delaunay triangles
that are formed when each minutia is eliminated individually. In this way, we
ensure that even when the extraction method fails to find a minutia, some of the
matchings will be found. For example, Fig. 1(c) shows the expanded set of the
points including pi. As we can see, Fig. 1(c) has corresponding triangles with
both, Fig. 1(a) and Fig. 1(b) due to the use of the expanded triangle set. In this
paper, the expanded triangle set of minutiae is used for representing palmprints
in verification tasks.

2.2 Palmprint Matching

In general, we can say that a palmprint matching algorithm compares two palm-
prints and returns either a degree of similarity or a binary decision. Until today,
matching palmprints is still a topic of interest due to the noise and distortions
in palm images that can be produced by scars, creases and cuts.

In our case, the palmprints are described as vectors of minutiae were each one
can have some attributes. The most commonly used attributes are the coordi-
nates, direction and type of minutiae.

More formally, let T1 = {m1,m2, . . . ,mn} and T2 = {m1,m2, . . . ,mm} be
minutia vectors that describe two palmprints, where mi = (xi, yi). In order to
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obtain a similarity score between T1 and T2, the matching algorithms try to es-
tablish similarities between their minutiae. A later step of consolidation consists
on computing a global score based on the matches found among minutiae.

3 Feature Extraction Step

In this section, we propose a new feature model for representing palmprints,
using the expanded triangle set obtained from minutiae, see section 2.1. We are
considering that the minutiae extraction process for full palmprints is carried
out by any algorithm reported in the state-of-the-art and marked manually for
latent palmprints.

Let P = {p1, p2, . . . , pN} be the set containing all the planar points represent-
ing the minutiae in a palmprint F . Let R be the expanded triangle set of P , and
let t ∈ R be a triangle, which represents a minutia triplet. Let m1 = (x1, y1),
m2 = (x2, y2), and m3 = (x3, y3) be the three points of t, with their correspond-
ing planar coordinates, which are sorted in ascending order regarding the length
of the opposite side.

The feature vector associated to t in the palmprint F is denoted by f(t), and
it is defined as follows

f(t) = (st, β1, β2, β3, r1, r2, r3, d1, d2, d3), (1)

where st is the triangle sign, βi are the relative directions of mi with respect to
his opposite side in t, ri are the ridge counter between minutiae and di represent
the length of the sides of the triangle. These components are formally defined as
follows. The twice signed area of t is calculated using the following mathematical
expression

At = x1(y2 − y3) + x2(y3 − y1) + x3(y1 − y2). (2)

Using At, we define the triangle sign of t as st = 0 if At < 0; otherwise st = 1.
This feature is invariant to rotation and is included in order to discard possible
correspondences between similar palmprints of different hands (left and right).

We define di as the Euclidean distance between the corresponding minutiae
mj and mk. Finally, the ridge counter ri is defined as the number of ridges
crossed by the segment joining the pair of minutiae. We verify the statistical
behavior presented in [5]; therefore, we also remove from R those triangles with
at least one value outside the interval, 0 ≤ ri < 16.

The feature vectors presented in this section can be represented as a function
f : R → Φ called feature function, where the set Φ = K1 × K3

4 × K3
4 × R

3,
assuming Kn = {0, 1, . . . , 2n−1} represents the feature space. Thus, we are able
to define the formal representation of a palmprint F , which is used in this paper.

Definition 3 (The feature model). Let F be a palmprint. The model of F is
defined as a triplet M = 〈P,R, f〉, where P is the planar point set representing
the minutiae of F , R is the expanded triangle set of P , and f is the function
f : R→ Φ, see (1).
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This feature model is used during the matching step for representing the
involved palmprints. The described features, combined with the mechanism de-
fined in section 4 to reduce the negative effects of noise, show a good performance
when they are used in identification tasks, see section 5.

4 Matching Step

In this step, we obtain a similarity value between two models Mp = 〈Pp, Rp, fp〉
and Mq = 〈Pq, Rq, fq〉. In order to do this, we present the following.

Let
f(tl) = (stl, β1l, β2l, β3l, r1l, r2l, r3l, d1l, d2l, d3l)

with l ∈ {q, p}, be the two feature vectors of two triangles tp ∈ Rp and tq ∈ Rq,
we say that tp and tq are corresponding if the following geometric constraints
are fulfilled:

stp = stq,
|βip − βiq| ≤ δβ ,
|rip − riq| ≤ δr,
|dip − diq| ≤ δd,

(3)

for all i ∈ {1, 2, 3}, where δβ, δr, and δd are predefined thresholds empirically
set to 3.

Let tp(m1p,m2p,m3p) and tq(m1q,m2q,m3q) be two corresponding triangles.
We define their correlation tuples as cti = (αi,mipmjp,miqmjq) with j = 1 if
i = 3 and j = i + 1 otherwise; were αi represents the normalized difference
between the i-th interior angles of tp and tq, and mipmjp,miqmjq are segments
of the triangles. Interior angle is defined as the angle inside two adjacent sides
of a triangle.

The process followed to obtain the value of αi, is very similar to that presented
by Chikkerur et al. [3], to obtain the similarity between an edge that connects two
minutiae of an impression and one edge joining two minutiae of other fingerprint.

Let Rp and Rq be two triangles sets, we define the set T (Rp, Rq) =
{ct1, ct2, . . . , ctn} as the union of all the correlation tuples of every corresponding
triangle between Rp and Rq.

In our matching step, we use a reduced set Tr(Rp, Rq) = {ct1, ct2, . . . , ctr}
that contains only the correlation tuples whose value of αi are equal to the
statistic mode in T (Rp, Rq) = {ct1, ct2, . . . , ctn}, for the values of αi of every
cti. The main goal of this process is finding the most probable value of relative
rotation between the matched models and using only the correlation tuples that
are consequent with this.

With the reduced set Tr(Rp, Rq) we construct a similarity graph Gs =
〈V,E, L, s, l〉 where s : E → R is a similarity function that assign a value to
every edge, l : Pi × Pj → L is a labeling function given two vertices and L is a
set of vertex labels. s is a similarity function that represents in fuzzy terms the
grade of closeness between the two segmentsmipmjp and miqmjq that originated
a edge in Gs. Similar functions had been used in other fingerprint recognition
approaches [3,4].
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In algorithm 1, the generation of Gs is described. For each cti =
(αi,mipmjp,miqmjq) ∈ Tr two vertices that represent the mutual match be-
tween mip ⇐⇒ miq and mjp ⇐⇒ mjq, are generated. If these vertices are not in
V , they are added. Also, a new edge that represents the mutual match between
segments mipmjp and miqmjq is added to E. In this way, we have a graph that
represents matches between points of the models Mp and Mq, weighted with a
similarity function. The graph Gs may be not connected.

Algorithm 1. Generating similarity graph

Input: Tr(Ri, Rj) = {ct1, ct2, . . . , ctr}, l
Output: (V,E) - V and E of similarity graph
foreach cti = (αi,mipmjp,miqmjq) ∈ Tr do

u← l(mip,miq); - Creating two new vertices
v ← l(mjp,mjq);
if u /∈ V then

V = V ∪ {u}; - Adding u if is not included yet
end
if v /∈ V then

V = V ∪ {v}; - Adding v if is not included yet
end
e← (u, v); - Creating new edge
E = E ∪ {e}; - Adding new edge

end
return (V,E);

In order to find the spanning tree of every connected components of Gs with
the higher value of similarity in their edges, we applied the Kruskal algorithm to
Gs. This is a well known method to find a minimum (or maximum in our case)
spanning forest of disconnected graphs. Unlike the proposal presented by Zhu
et al. [11] based on the Prim algorithm, our solution is superior and it has not
been reported in previous works.

Let {F1, F2, . . . , Fn} be the set of spanning trees returned by the Kruskal
algorithm, sorted in descending order by the amount of edges. We implement a
strategy to merge F1 and F2 by trying to add a virtual edge ev between then.
This virtual edge must complain with some geometric restrictions. If this process
is successful then F1 = F1 ∪ F2 ∪ {ev}, F2 is eliminated and Fi−1 ← Fi, ∀ i, 3 <
i < n, n← n− 1. This process is repeated while F1 and F2 can be merged.

Finally, the similarity value between between models Mp = 〈Pp, Rp, fp〉 and
Mq = 〈Pq, Rq, fq〉 is given by the following expression:

similarity(Mp,Mq) =
sim× |V |

min(|Pp|, |Pq|) (4)

where |V | is the number of vertices in the similarity graph Gs, |Pp| and |Pq| are
the cardinalities of Pp and Pq respectively, and sim is the sum of the weights of
every edge of F1.
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5 Experimental Results

In our experiments, a dataset in which some other approaches were
tested [6,9,10], was used. This dataset is conformed by 22 latent palmprints from
real forensic cases and 8680 full palmprints from criminal investigation field, cap-
tured by Beijing Institute of Criminal Technology in China. All the impressions
have a resolution of 500 ppi. In the case of latent palmprints, the minutiae were
manually extracted by forensic chinese experts. On the other hand, the minutiae
of the 8680 full palmprints were extracted automatically using the VeriFinger
4.2 [8], and we did not used any palmprint enhancement process.

Table 1. Comparison results of identification rate

Algorithm
Identification Rate

Rank-1 Rank-10 Rank-20
Jain and Feng [6] 67 % 73 % 80 %
Wang et al. [9] 63 % 68 % 72 %
Wang et al. [10] 69 % 78 % 82 %
Our proposal 77 % 82 % 82 %

0.60

0.65

0.70

0.75

0.80

0.85

0.90

1 3 5 7 9 11 13 15 17 19

Our proposal
Wang et al. 2011
Jain and Feng 2009
Wang et al. 2012

Fig. 2. Comparison of methods using CMC curves

Using the described dataset we compared our latent-to-full palmprint verifi-
cation algorithm with three other proposals found in the state-of-the-art.

Comparison results of identification rate are shown in Table 1. For each iden-
tification rate, the higher reached value is highlighted in bold. As we can see,
in almost every case our method outperforms the other proposals. In Figure 2,
CMC curves of our algorithm and other state-of-the-art methods are shown.
In this graphic, the higher accuracy of our proposal is evidenced,especially for
rank-1, where we have eight percentage points over the best second algorithm.
This same algorithm achieves the 82.2% of identification rate at rank-18, while
our algorithm obtains the same value at rank-3.

6 Conclusions

Many of the reported palmprint matching algorithms are highly affected when
they are used to compare low-quality and distorted images or latent palmprints
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captured at uncontrolled context. The feature model and the novel matching
algorithm, proposed in this paper, can be considered as a promising approach
for palmprint identification in such context, dealing with the problems of miss-
ing and spurious minutiae, and other noises. Experimental results show that
our proposal achieves high accuracy in latent palmprint matching tasks, outper-
forming other state-of-the-art proposals. We did not use any preprocessing or
enhancement method to reduce the number of false minutiae that an automatic
extraction process usually has.
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