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Abstract. Contactless palmprint recognition attracts researchers due
to challenges stemming from pose and illumination, impacting palm line
layouts and visibility. This paper introduces a robust technique, Dis-
criminant Multi-Directional Feature Codes (DMDFC), for contactless
palmprint recognition. DMDFC features compute the Multi-Directional
Feature Pattern (MDFP), which includes information about the clearest
and second clearest ridges, along with the count of ridges passing through
the examined point. Moreover, DMDFC segregates ridge and wrinkle fea-
tures using the MDFP of the Negative Ridge Direction Image (NRDI)
and the MDFP of the Positive Ridge Direction Image (PRDI). These
MDFP maps undergo (2D)2LDA for dimensionality reduction, resulting
in highly discriminative features. Experimental evaluations using pub-
lic datasets from PolyU and IITD demonstrate the superior accuracy
of the proposed approach, indicating substantial progress in contactless
palmprint recognition across diverse applications.

Keywords: Contactless palmprint · Gabor filters · multi directional
code · 2DLDA · Recognition

1 Introduction

The rapid progress of modern civilization has spurred the demand for efficient
technologies, particularly in security and privacy. Biometrics, dedicated to the
study of human physiological and behavioral traits for individual authentication,
encompasses various features, including signatures, gaits, voices, faces, finger-
prints, and palmprints. Palmprint recognition stands out among these biometric
methods due to its capacity to provide rich distinguishing information, such
as principal lines, wrinkles, and texture [1]. Significantly, contactless palmprint
recognition is an emerging field offering attractive solutions. It addresses hygiene
concerns while enhancing user convenience and security. Researchers are actively
developing contactless palmprint systems to improve user-friendliness and pri-
vacy protection. Nonetheless, contactless palmprint recognition presents its own
set of challenges [2–6]. Unlike contact-based palmprint images, contactless images
exhibit greater variability in scale, rotation, translation, and illumination. This
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variability increases intra class variations and may reduce recognition accuracy,
necessitating advanced techniques to enhance contactless palmprint recognition
accuracy. Palmprint recognition consists of three core stages: ROI segmentation,
feature extraction, and matching. During ROI segmentation, a central palm sub-
region is singled out for its discriminative information [1,7]. In the palmprint
extraction stage, recent biometric recognition methods for touchless images pri-
oritize robust local texture descriptors capable of handling variations in scale,
rotation, translation, and illumination [2]. These approaches fall into four cate-
gories: single direction based methods, local direction statistics based methods,
and discriminant feature learning based methods [8–21]. The single direction
based technique usually employs a specialized filter to detect and encode lines
in a predetermined direction. Kong et al. [8] compute Gabor filters for encoding
palmprint feature. Kong et al. [9] computed CompCode by applying six Gabor
filters with different directions to detect the dominant direction of palm lines.
Jie et al. [10] uses twelve Radon-based filters to compute the Robust Line Ori-
entation Code (RLOC). Sun et al. [11] use three orthogonal Gaussian filters to
calculate three orthogonal direction codes for feature extraction. Zhang et al. [13]
introduce BOCV, which offers greater resistance to image rotation and provides
an accurate depiction of local direction features. Fei et al. compute a neighbor
direction descriptor to encode the six directions, which remains unaffected by
noise or rotation [14]. Local direction statistics based methods compute encoded
vectors derived from the statistics of direction patterns. Jia et al. suggest the
use of the histogram of oriented lines (HOL) for palmprint recognition, which
is robust against slight rotations and translations [15]. Luo et al. introduce the
LLDP feature for palmprint recognition, encoding two dominant directions from
palm lines [16]. Fei et al. [17] introduce LMDP feature to precisely capture infor-
mation associated with multiple directions. Li et al. [18] propose LMTrP feature
for palmprint recognition, utilizing local region histograms and kernel linear dis-
criminant analysis to reduce dimensionality and eliminate redundant features.
Zhang et al. present a collaborative representation (CR)-based approach, con-
structing feature vectors using blockwise histograms of competing codes [19].
Fei et al. [20] use convolutions between direction-based templates and palmprint
images to create informative difference vectors, referred to as the DDBC code.
In recent years, researchers have concentrated on developing discriminant fea-
ture learning based techniques, including subspace learning [21], metric learn-
ing [22,23], and deep learning [3,24–26], to establish mapping functions that
transform palmprint images into discriminative feature subspaces. Chai et al.
illustrate the effectiveness of a CNN model for both palmprint identification
and gender classification [24]. Genovese et al. introduce PalmNet, a novel CNN
integrated with Gabor filters, aiming for high recognition accuracy with touch-
less palmprint samples [25]. Liu et al. [26] use a fully convolutional network to
generate deeply learned residual features for contactless palmprint identifica-
tion. Ribaric et al. [21] introduce a multimodal biometric identification system
that uses Principal Component Analysis (PCA) to extract discriminant palm-
print features. Van et al. [27] proposed discriminant descriptors for palmprint
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recognition by applying 2DLDA to positive and negative direction matrices.
Rida et al. [28] introduce an ensemble classifier for palmprint recog-nition using
the Random Subspace Method. Van et al. propose the Learning Discriminant
Line Direction Descriptor (LDLDD), which independently learns all three types
of directional pattern codes of palm lines [29]. This paper presents a robust
algorithm, Discriminant Multi-Directional Feature Codes (DMDFC), designed
for improving contactless palmprint recognition. The proposed method involves
three key steps: (1) Applying Gabor filters at each pixel to assess ridges in
eight different directions. (2) Computing the Multi-Directional Feature Pattern
(MDFP), which provides details about the clearest and second clearest ridges,
along with the count of ridges passing through the examined point. Addition-
ally, it separates ridge and wrinkle features using the MDFP of the Negative
Ridge Direction Image (NRDI) and the MDFP of the Positive Ridge Direction
Image (PRDI). (3) projecting these MDFP maps to (2D)2LDA for dimension-
ality reduction, resulting in highly discriminative features. Experimental results
on the public datasets PolyU and IITD demonstrate the superior accuracy of
the proposed DMDFC approach for contactless palmprint recognition. The arti-
cle is structured as follows: Sect. 2 presents in detail our method, Sect. 3 shows
experimental results, and Sect. 4 presents conclusions.

2 Discriminant Multi-directional Feature Codes

Fig. 1. The Framework of the Proposed Method

The characteristics of palm prints are defined by the patterns created by
ridges and wrinkles. Since each pixel can contain multiple ridges or wrinkles,
it is crucial to represent features that capture this complexity. To tackle this
challenge, we introduce a multi-directional template that incorporates informa-
tion about the clearest ridge, the second clearest ridge, and the count of ridges
passing through the currently examined point. We employ Gabor filters to eval-
uate the ridges in eight different directions. The outcomes of these filters are
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utilized to identify the clearest ridge, the second clearest ridge, and to compute
the number of ridges at the examined point. Ridges and wrinkles often have
opposite directions. To avoid confusion in matching directional pattern features,
we segregate these two types of pixels into two distinct images: one containing
pixels with the clearest lines in the positive direction (angle > 0) and another
containing pixels with the clearest lines in the negative direction (angle <= 0).
To generate distinctive and compact features, we apply 2D2LDA to the images
of negative ridge direction and positive ridge direction. The outcome is a discrim-
inant multi-directional feature code for classification employing the Normalized
Squared Euclidean distance. Figure 1 illustrates the processing steps of our pro-
posed method.

2.1 Multi-directional Feature Pattern

We propose a multi-directional feature template, which comprises two distinct
images: the Negative Ridge Direction Image (NRDI) and the Positive Ridge
Direction Image (PRDI) for representing distinct ridges and wrinkles. PRDI
contains multi-directional patterns of the clearest lines in the positive direction
(angle > 0), while NRDI contains multi-directional patterns of the clearest lines
in the negative direction (angle <= 0). This template includes information about
the clearest ridge, the second clearest ridge, and the count of ridges passing
through the currently examined point. We utilize Gabor filters to identify the
clearest ridge, the second clearest ridge, and calculate the number of ridges at the
examined point. Additionally, we use the Dominant Direction Number (DDN)
[17] to compute the number of ridges. MDFT is defined as follows:

mdfpp =
{(

mf × Nθ
2 + DDN × Nθ + ms

)
if θmf > 0

0 otherwise
(1)

mdfpn =
{(

mf × Nθ
2 + DDN × Nθ + ms

)
if θmf ≤ 0

0 otherwisD
(2)

DDN =
1
2

Nθ∑
j=1

∣∣s (
rj − rϕ(j)

) − s
(
rϕ(j) − rϕ(ϕ(j))

)∣∣ (3)

ϕ (j) = mod (j − 2, Nθ) + 1 (4)

rj = (I ∗ G (θj))(x,y) (5)

θj = π(j−1)
n j = 1, 2, . . ., Nθ GrindEQ6

where mf and ms represents the indices of the directions with the minimum and
the second-minimum filtering response, respectively. DDN is the number of the
dominant directions. Nθ (with Nθ = 8) stands for the total number of directions
corresponding to Gabor functions. The variable j signifies the direction index,
rj signifies the result of Gabor convolution in the j-th direction, and s(x) is a
function that equals 1 if x is greater than 0, and 0 otherwise. ϕ(j) represents the
adjacent clockwise direction index to j, and it is defined as Nθ if j = 1, and (j
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− 1) otherwise. I denotes the palmprint image. G(θj) represents the real part
of the Gabor filter with orientation θj , ‘*’ indicates the convolution operator,
and (x, y) signifies the pixel’s position in I. The 2D-Gabor filter [8] (Fig. 2) is
computed using these formulas:

G (x, y, θ, μ, σ) =
1

2πσ2
exp

{
−x2 + y2

2σ2

}
exp {2πi(μxcosθ + μysinθ) } (6)

In this context, μ is the frequency of the sinusoidal wave, i denotes the imaginary
unit, θ is a parameter for direction determination, and σ represents the standard
deviation of the Gaussian envelope.

Fig. 2. Gabor filter

These matrices computed by the MDFP technique still possess large dimen-
sions and contain redundant information. The following section will explain how
(2D)2LDA is used to extract discriminative features for classification.

2.2 (2D)2LDA

(2D)2LDA [29,30] refers to a two-directional 2DLDA. It entails applying 2DLDA
to the row-wise direction of the input matrices to learn an optimal projection
matrix Q and to the column-wise direction of the matrices to learn an opti-
mal projection matrix Z by computing a set of optimal discriminating vectors
XQ =

{
x1

Q, x2
Q, . . . , xd

Q

}
and XZ =

{
x1

z, x2
z, . . . , xt

z

}
by maximizing the

2D Fisher criterion JQ (X) and JZ (X) defined as:

JQ (X) =
XQ

T GbXQ

XQ
T GwXQ

(7)

JZ (X) =
XZ

T HbXZ

XZ
T HwXZ

(8)

Gb =
1
N

C∑
i=1

ni

(
Ai − A

) (
Ai − A

)T
(9)

Gw =
1
N

C∑
i=1

ni∑
j=1

(
Aj − Ai

) (
Aj − Ai

)T
(10)
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Hb =
1
N

C∑
i=1

ni

(
AT

i − AT
) (

AT
i − AT

)T

(11)

Hw =
1
N

C∑
i=1

ni∑
j=1

(
AT

j − AT
i

) (
AT

j − AT
i

)T

(12)

Consider a set of input matrices {Ak}, where k ranges from 1 to N, and
these matrices belong to C distinct classes. Class Ci includes ni samples (with∑C

i=1 ni = N). A represents the mean matrix across all classes, while Ai denotes
the mean matrix of the ith class. The notation T indicates matrix transpose.
In the row-wise direction, Gb and Gw denote the between-class and within-class
scatter matrices, respectively. Similarly, in the column-wise direction, Hb and
Hw fulfill the same roles as the between-class and within-class scatter matrices.
Furthermore, d and t correspond to the chosen numbers of the largest eigen
values of G−1

w Gb and H−1
w Hb respectively. The input matrix Am×n is projected

onto Qn×d and Zm×q simultaneously, yielding a feature matrix Yq×d as follows:

Y = ZT .A.Q (13)

(2D)2LDA offers the benefit of reducing feature dimensionality in both rows
and columns while simultaneously generating highly discriminative features for
distinguishing between classes. The next sub section will describe how (2D)2LDA
is applied to the NRDI and the PRDI to produce DMDFC features.

2.3 DMDFC for Palmprint Recognition

Initially, the Region of Interest (ROI) is identified [32], and serves as the input
for our proposed method. The process for obtaining DMDFC features through
our proposed method proceeds as follows:

1. Step 1: Applying eight Gabor filters to detect ridges or wrinkles in various
directions using formulas (5), (6), (7).

2. Step 2: Computing the DNN feature based on the responses of the Gabor
filters using formulas (3), (4).

3. Step 3: Calculating the NRDI matrix (mdfpp) and the PRDI matrix (mdfpn)
using formulas (1), (2).

4. Step 4: Applying (2D)2LDA to combine the matrix of mdfpp and mdfpn matri-
ces using formulas (7)-(13), resulting in the feature matrix denoted as Y.

To classify a query image I, we compute the DMDFC feature Y. Subsequently,
our method is applied to all N training images to acquire the DMDFC feature
matrix Yk (where k = 1, 2, ..., N ). Following that, we utilize the nearest neighbor
classifier for classification purposes. In this context, the distance between Y and
Yk is computed as follows: (Y, Yk) = ‖Y − Yk‖. The distance (Y, Yk) falls within
the range of 0 to 1, with a perfect match having a distance of 0. Figure 3 shows
DMDFC features.
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Fig. 3. Results of MDFP and (2D)2LDA: (a) Original Image, (b) DMDFC Image,
Reconstructed Images of the MDFP Image with: (c) (d = 100, q = 80), (d) (d = 80,
q = 100), (e) (d = 80, q = 80).

3 Experimental Results

We performed experiments using widely utilized palmprint databases, specifi-
cally the Palmprint PolyU and IITD datasets. This involved conducting various
tests and analyses on these datasets to evaluate the effectiveness of our approach.
The PolyU palmprint database, known as the contact-free 3D/2D Hand Images
Database, encompasses 1770 2D images gathered from 177 subjects [31]. For
each subject, there are five images captured in different poses. The resolution of
these images is 640 × 480 pixels. The algorithm outlined in [33] was used to align
each palmprint image and extract an ROI with a size of 128 × 128 (Fig. 4a). The
IITD palmprint database consists of 2601 palmprint images sourced from 460
distinct palms, encompassing 230 volunteers. Each volunteer contributed five or
six palmprint images for both their left and right palms during the image collec-
tion phase. All individuals included in the database fall within the age range of
14 to 15 years. The dimensions of the provided Region of Interest (ROI) image
are 150 × 150 pixels [33]. In our experimental setup, we employ Region of Inter-
est (ROI) databases where each image is resized to 100 × 100 pixels to assess the
performance of our feature extraction methods (Fig. 4). Table 1 presents infor-
mation regarding the experimental parameters utilized for both the IITD and
PolyU datasets. The algorithms were implemented in C# on a PC equipped with

Table 1. Experimental Dataset Parameters.

Data set One class All class Number of distance scores

Train set Test set Train set Test set

Reg. Unreg. Correct Incorrect

IITD 2 3 3 300(2× 150) 450(3× 150) + 150 (3× 50) = 600 450 600

PolyU 5 5 5 750(5× 150) 750(5× 150) + 42 (5× 27) = 885 750 885
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Fig. 4. Steps of ROI Extraction (a), Palmprint ROI samples from (b) PolyU, and (c)
IITD databases.

an Intel(R) Core(TM) i5-9300U CPU @ 2.40 GHz and running the Windows 10
Professional operating system.

Palmprint identification involves matching a queried palmprint image against
multiple templates to determine its class label. We assess identification accuracy
using the rank-1 identification rate, wherein the query is compared against all
training templates, and the label of the most similar template is assigned as the
class label for the query. Verification, on the other hand, verifies whether an
individual is who they claim to be through one-to-one comparisons. To compute
correct and incorrect distances, each query in the test set is compared against
all templates in the training set. Correct distances for a query in the test set are
obtained by matching it with corresponding samples in the training set, while
incorrect distances are derived by comparing it to samples from other palms in
the training set. Genuine acceptance is observed when the matching distance
between samples from the same palm falls below the threshold, whereas false
acceptance occurs when the matching distance between samples from different
palms is below the threshold. The Equal Error Rate (EER) is computed from
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Fig. 5. Distribution of Matching Distances for Our Proposed Method on the (a) PolyU
and (b) IITD Datasets, respectively.

Table 2. Performance results on the PolyU Dataset

Methods EER ACC (Rank-1) Feature
Extraction Time
(s)

HOL [15] 3.39% 97.2% 0.025

LLDP [16] 2.71% 98.6% 0.063

PalmNet [25] 2.14% 99.2% 1.720

LDDBP [20] 1.69% 99.3% 0.085

Our method 1.35% 99.7% 0.426

the statistical pairs of False Reject Rate (FRR) and False Accept Rate (FAR).
Figure 5 depicts the distribution of matching distances computed by our method
across the IITD and PolyU datasets. Table 2 presents the performance results
of our proposed method compared to state-of-the-art methods on the PolyU
dataset, while Table 3 displays the performance on the IITD dataset. These
results demonstrate that the proposed method achieves high accuracy on both
the IITD and PolyU datasets.
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Table 3. Performance results on the IITD Dataset.

Methods EER ACC (Rank-1) Feature
Extraction Time
(s)

HOL [15] 7.20% 86.4% 0.031

LLDP [16] 5.83% 90.8% 0.072

Palmnet [25] 4.50% 91.1% 1.925

LDDBP [20] 4.33% 92.4% 0.092

Our method 3.16% 93.1% 0.525

4 Conclusion

Contactless palmprint recognition grapples with challenges posed by pose and
illumination variations, impacting palm line layouts and visibility. The palm-
print’s directional information emerges as a promising feature for recogni-
tion. The introduction of the Discriminant Multi-Directional Feature Codes
(DMDFC) technique in this paper offers a novel and effective solution. DMDFC,
specifically the Multi-Directional Feature Pattern (MDFP), captures vital data
about the clearest and second clearest ridges, as well as the count of ridges pass-
ing through each examined point. Notably, DMDFC adeptly separates ridge and
wrinkle features via the MDFP of the Negative Ridge Direction Image (NRDI)
and the MDFP of the Positive Ridge Direction Image (PRDI). Furthermore,
the application of (2D)2 LDA for dimensionality reduction on these MDFP
maps yields highly discriminative features. Experimental assessments on pub-
lic datasets PolyU and IITD unambiguously affirm the superior accuracy of the
proposed DMDFC approach. In our future endeavors, we aim to enhance the
method’s robustness and extend its application to other biometric characteris-
tics.
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