
2524 IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS: SYSTEMS, VOL. 56, NO. 4, APRIL 2026

Learning Multilayer Feature Projection for
Homogeneous and Heterogeneous Palmprint

Recognition
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Abstract— Owing to its remarkable convenience, weak inva-
siveness, and strong private security, palmprint recognition
has become one of the most promising biometric methods
and has attracted increasing attention in both academia and
industry. Although considerable recognition performance has
been achieved by existing palmprint learning methods, they
generally require the use of substantial labeled datasets and
involve substantial computational overhead for feature learning.
In this article, we propose a novel multilayer projection learning
(MLPL) method to achieve efficient palmprint feature learning
and recognition. First, we transform the palmprint images
into their direction-specific representations by computing the
difference in the multiple directional responses. Then, we learn
three layers of feature projections for robust feature learning,
including low-rank projection for image noise decoupling, feature
projection for discriminative feature exploration, and quanti-
zation projection for information preservation during feature
encoding. With multilayer feature projections, palmprint images
can be transformed into discriminative feature representations
through a single-step process for efficient palmprint recogni-
tion. Moreover, we extend the proposed MLPL, referred to as
E-MLPL, by minimizing the representation discrepancy between
heterogeneous palmprint images to make it applicable for het-
erogeneous palmprint recognition. The results obtained from five
widely adopted databases confirm the superior performance of
the proposed method in terms of both accuracy and efficiency.

Index Terms— Discriminative directional feature, heteroge-
neous palmprint recognition, homogeneous palmprint recogni-
tion, multilayer projection learning (MLPL).
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NOMENCLATURE

Xm
∈ Rd×N Training DRD data of the mth modality.

X ∈ Rd×M N All training DRD data of M modalities.
X̂m

∈ Rd×N Discriminative features of the mth
modality.

Zm
∈ RN×N Low-rank representation (LRR) of the

mth modality.
Z ∈ RM N×M N Block-diagonal LRR of all Zm .
Em

∈ Rd×N Noise matrix of Xm .
E ∈ Rd×M N Concatenated noise matrix from all Em .
W ∈ Rd×d Common discriminative feature projec-

tion matrix.
P ∈ Rd×d Common feature rotation matrix for

quantization.
B ∈ Rd×N Common binary code representation.
Hm

∈ RN×N Auxiliary variable for Zm .
H ∈ RM N×M N Block-diagonal auxiliary matrix of all

Hm .
Cm

∈ Rd×N Lagrange multiplier for constraint Xm
=

Xm Zm
+ Em .

C ∈ Rd×M N Concatenated Lagrange multiplier from
all Cm .

Dm
∈ RN×N Lagrange multiplier for constraint Zm

=

Hm .
D ∈ RM N×M N Block-diagonal Lagrange multipliers of

all Dm .
1 ∈ RM N×1 All-one column vector.
4 ∈ RN×N Constant matrix with entries 1

M N .
β, µ Penalty parameters in augmented

Lagrangian.
λ1, λ2, λ3, λ4 Weighting parameters in objective func-

tion.
d Dimension of DRD vector.
N Number of DRD vectors per modality.
M Total number of heterogeneous

modalities.

I. INTRODUCTION

OVER the years, biometrics have been widely applied
for personal authentication due to their uniqueness and

reliability [1]. As one of the relatively new biometric traits,
palmprints can be easily imaged with the cooperation of
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humans due to the easy self-positioning of hands, while they
are hard to capture in images without one’s authorization due
to their strong privacy, and moreover, palmprints show less
invasiveness than conventional biometrics such as faces [2].
As a result, palmprint recognition has become one of the most
promising biometric directions in both academia and industry.
An increasing number of publications have been published
in recent years [3], and several palmprint-based e-payment
systems have been developed, such as Amazon One [4] and
Tencent WePalm [5].

In the early years, palmprint recognition methods usually
focused on hand-crafted feature engineering, primarily includ-
ing lines, texture, and direction-based palmprint descriptors.
For example, Huang et al. [6] extracted palmprint principal
lines based on the modified finite radon transform (MFRAT)
for palmprint verification, and Wang et al. [7] proposed a
2-D Gabor wavelet-based texture representation for palmprint
verification. Inspired by the robustness of line directions,
Zhang et al. [8] and Xu et al. [9] used Gabor filters to obtain
salient orientation information from palmprints, and a num-
ber of multidirection palmprint feature representations were
designed, such as local multiple directional pattern (LMDP)
[10] and apparent and latent direction code (ALDC) [11].
In addition, Bounneche et al. [12] utilized a fusion strategy
involving hand-crafted features across diverse spectral bands
to achieve better palmprint recognition. Most hand-crafted
palmprint features can achieve encouraging recognition perfor-
mance. However, they usually require substantial prior knowl-
edge for feature engineering, and the resulting performance
is often restricted to specific scenarios, making it difficult to
adaptively represent palmprint images captured under diverse
conditions.

In recent years, a growing body of research has focused
on developing learning-based methods that aim to adaptively
learn palmprint descriptors. For example, Zhao and Zhang [13]
learned a salient and discriminative palmprint descriptor based
on LSR and LRR for general scenario palmprint recognition,
Fei et al. [14] developed a single-layer convolution network
(SLCN) aimed at adaptively capturing discriminative features
common to various palmprint images, and Li et al. [15]
designed an iterative optimization model via supervised
learning to generate robust binary palmprint codes across
different views. In addition, Zhao et al. [16] proposed
the multiview hierarchical graph learning-based palmprint
recognition method (MVHG_PR) by leveraging multiview
hierarchical graph learning to handle hand rotations, noise, and
low illumination. More recently, the superior feature extraction
capabilities of neural networks have prompted a surge in
deep learning-based approaches for palmprint recognition
in the literature. For example, Fan et al. [17] introduced a
Gabor convolution network to facilitate the extraction of
structurally salient and distinctive features from palmprint
images via multilevel Gabor feature fusion, and Fei et al. [18]
developed a Fourier-based palmprint feature learning network
for cross-spectra palmprint recognition by reducing feature
differences in the frequency domain. Zhong et al. [19]
proposed a palmprint registration framework that unifies
palmprint orientations and learns pairwise spatial registration

to mitigate pattern variance. Chai et al. [20] designed a
contactless palmprint recognition system by enhancing
feature discriminability through recurrent layer aggregation
and angular center-neighbor loss. More details can be found
in the latest survey paper on deep learning-based palmprint
recognition [21]. Despite their impressive performance in
palmprint recognition, learning-based methods are inherently
constrained by their dependence on large quantities of labeled
training data [22]. The inherently sensitive nature of palmprint
biometrics makes the collection and annotation of
such datasets expensive and impractical. How to
efficiently capture the discriminative features from
diverse palmprint classes with limited labeled training
samples remains a challenging problem for palmprint
recognition.

In this article, we propose a multilayer projection learning
(MLPL) method to learn robust palmprint features for recog-
nition across both homogeneous and heterogeneous scenarios.
The basic idea of the proposed method is illustrated in
Fig. 1. First, we extract the directional intensity information
of the training palmprint images via Gabor convolution and
further form directional response difference (DRD) maps to
explore the inherent palmprint information representation.
Then, we learn three layers of feature projections to convert
the DRD maps into discriminative binary feature codes, com-
prising an LRR mapping for noise decoupling from the raw
palmprint samples, a feature mapping to project noise-free
palmprint representation into discriminative feature space, and
a quantization mapping to minimize the information loss
during feature encoding. Moreover, we extend the proposed
MLPL method by jointly learning the modality-invariant palm-
print discriminative features, making our method applicable to
heterogeneous palmprint recognition. Extensive experiments
on five widely used palmprint databases are conducted to
demonstrate the effectiveness and efficiency of the proposed
method.

The main contributions of this article can be summarized
as follows.

1) We propose a three-layer projection learning (MLPL)
method for palmprint recognition that first corrects
palmprint image noise and then explores discriminative
palmprint features. By integrating low-rank denois-
ing, discriminative feature enhancement, and binary
quantization in a unified framework, MLPL efficiently
constructs a compact binary feature space with signif-
icantly fewer parameters than most existing learning
networks, enabling robust recognition with limited train-
ing samples.

2) We develop a more general MLPL model to make
the proposed method applicable to heterogeneous palm-
print recognition. Using the extended MLPL (E-MLPL)
method, the modality gap between heterogeneous palm-
print images is effectively reduced at the feature
level, providing a more robust and generalizable solu-
tion for cross-device, cross-lighting, and cross-spectrum
scenarios.

3) To validate the effectiveness of the proposed MLPL
and E-MLPL methods, we conducted comprehensive
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Fig. 1. Overall procedure of the proposed method. We first compute DRD maps of the training palmprint images by convolving them with a bank of Gabor
templates with diverse directions. Then, we learn multiple layers of feature projections that jointly convert the DRD maps into discriminative binary feature
codes for robust palmprint recognition.

experiments on five benchmark palmprint databases. The
results clearly demonstrate that both methods achieve
outstanding performance across homogeneous and het-
erogeneous palmprint recognition tasks, confirming their
robustness and efficiency.

The rest of this article is structured as follows. Section II
provides a brief review of three related topics. Section III
details the proposed MLPL method for homogeneous palm-
print recognition, while Section IV further extends the MLPL
method for application in heterogeneous palmprint recogni-
tion. Section V presents the experimental results. Finally,
Section VI concludes this article.

II. RELATED TOPICS

In this section, we provide a brief overview of three relevant
topics, including homogeneous and heterogeneous palmprint
recognition, DRD maps of palmprint images, and LRR.

A. Homogeneous and Heterogeneous Palmprint Recognition

Homogeneous palmprint recognition refers to matching
palmprint images captured with similar types of imaging
devices in a stable and uniform environment, which generally
exhibit consistent styles, similar visual characteristics, and rel-
atively small intraclass variations. Early palmprint recognition
studies primarily focused on such scenarios, leading to the
establishment of several homogeneous databases, such as the
PolyU [23], IITD [24], and TJU [25] databases. Due to similar
imaging conditions, homogeneous palmprint images usually
show consistent image styles with relatively small intraclass

feature variances. As a result, it is relatively easy to achieve
high recognition accuracy for homogeneous palmprint recog-
nition [16]. In contrast, heterogeneous palmprint recognition
involves the comparison of diverse styles of palmprint images
with relatively large feature gaps that are collected under
different imaging conditions, such as using diverse imaging
devices and under the environments of varying illuminations.
Heterogeneous images exhibit pronounced modality discrep-
ancies, large intraclass variations, and diverse visual quality.
In recent years, research on heterogeneous palmprint recog-
nition, such as cross-domain [26], cross-illumination [27],
and cross-dataset [28] palmprint recognition, has attracted
significant attention, leading to the establishment of several
heterogeneous palmprint databases, such as the XJTU-UP [29]
and CASIA multispectral palmprint databases [30]. While
most existing methods perform well on homogeneous datasets,
their effectiveness deteriorates under heterogeneous condi-
tions due to substantial modality and domain gaps, and
most approaches lack mechanisms to explicitly compen-
sate for such differences [16]. How to extract the common
personal-invariant features of heterogeneous palmprint images
to minimize intrapalm variation while maximizing inter-
palm margin remains a challenging problem. In this study,
we propose a new and efficient MLPL framework for both
homogeneous and heterogeneous palmprint recognition.

B. DRD Maps of Palmprint Images

Inspired by the fact that a palmprint contains rich infor-
mative direction information [8], many methods [31] exploit
direction-specific representation discriminative palmprint
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feature learning by calculating the difference in the directional
response of palmprint images. Specifically, motivated by the
strong palmprint direction modeling capability of the Gabor
filters [12], a bank of Gabor-based templates, referred to
as G(θi )(θi = (i − 1)π/Nθ ), is first employed to convolve
with the palmprint image, obtaining the palmprint multiple
directional response representation, as follows:

ri = I ∗ G (θi ) (1)

where “∗” represents the convolution operation and ri denotes
the directional response of the palmprint image (i.e., I ) in the
direction θi . Nθ denotes the total number of Gabor templates,
with a typical value of 12 [32], such that the directional
interval of two neighboring Gabor-based templates is π/12.
After that, the direction-response difference between each pair
of adjacent directions is calculated as follows:

DRDi = ri − ri mod Nθ+1 = I ∗
(
G (θi ) − G

(
θi mod Nθ+1

))
(2)

where (i mod Nθ + 1) actually denotes the next neighboring
direction index of θi , and DRDi denotes the DRD map
between the directions of θi and θi mod Nθ+1. In this way,
multiple DRD maps with intensity knowledge can be obtained
for a palmprint image, which can not only measure the direc-
tional intensity of each pixel in multiple orientations but also
implicitly describe how intensity changes along neighboring
directions.

C. Low-Rank Representation

LRR aims to uncover the latent structures in high-
dimensional data by recovering the intrinsic low-dimensional
subspace embedded within noisy sample sets, making it effec-
tive for tasks such as subspace clustering, dimensionality
reduction, and robust feature extraction. For example, Liu
and Yan [33] proposed latent LRR (LatLRR) for subspace
clustering by recovering the unobserved data hidden using two
low-rank matrices. Fu et al. [34] leveraged spatial structure
analysis alongside tensor low-rank modeling to advance sub-
space clustering solutions, and Yang et al. [35] designed a
sparse LRR for incomplete multiview clustering. In addition,
He et al. [36] proposed an LRR decomposition method for
image recovery by decomposing the original images into
sparse low-rank matrices, and Li et al. [37] introduced an
LRR-based approach enhanced with supervised LDA for
discriminative feature extraction. In this study, we propose
recovering noise-free information from raw palmprint images
via LRR constraint mapping to better exploit discriminative
features for diverse homogeneous and heterogeneous palm-
print images.

III. MLPL FOR HOMOGENEOUS PALMPRINT
RECOGNITION

In this section, we begin by formulating the objective
function of our proposed multistage feature projection. Then,
we detail the optimization of the MLPL. Finally, we show how
to use the MLPL for homogeneous palmprint recognition. For
a better readability, we provide the notations used in this study
in the Nomenclature.

A. MLPL Objective Function

Our proposed MLPL aims to learn multiple layers of hash
functions that orderly map the DRD maps of a palmprint image
into a strong discriminative feature representation. Specifically,
let X = [x1, x2, . . . , xn] ∈ Rd×N be the DRD set of training
palmprint images containing N vectorized DRD, where xi ∈

Rd×1 is the kth DRD vector and d denotes the size of the
DRD vector. It is noted that palmprint images in real-world
applications are often affected by noise, uneven lighting, and
background interference. We design the first layer of the
MLPL framework to correct such degradations via LRR [38]
as follows:

min ∥Z∥∗ + λ ∥E∥
2
F

s.t. X = X Z + E, diag (Z) = 0, E ≥ 0 (3)

where ∥.∥∗ denotes the nuclear-norm constraint to compute
the rankness of a matrix, and Z represents the LRR of
the training set X . E denotes the error information matrix
decomposed from the training samples. λ is a balance param-
eter. By minimizing the rankness of Z , we aim to capture
the clean palmprint image information with as little noise
impact as possible. diag(Z) = 0 is imposed such that the
diagonal elements of Z are zeros, overcoming the problem
of self-representation [39]. E ≥ 0 makes the error elements
nonnegative.

Having obtained the corrected training palmprint image
information, i.e., X Z , we further learn a feature projection
function in the second layer to convert them (i.e., X Z ) into a
discriminative feature space, as follows:

X̂ = W T X Z (4)

where W T
∈ Rd×d denotes the discriminative feature projec-

tion function and X̂ ∈ Rd×N represents the discriminative
feature representation of the palmprint images. To make
the palmprint images discriminative in the feature space,
we enlarge the feature variances as follows:

max
∥∥∥X̂ −

¯̂X
∥∥∥2

F

⇒ max
∥∥∥W T X Z -W T X Z4

∥∥∥2

F

s.t. W T W = I (5)

where ¯̂X ∈ Rd×N denotes the mean feature matrix containing
N column vectors and where each vector is the mean of the
N feature vectors in X̂ . 4 = 1/N11T

∈ RN×N and 1 is
an all-one column vector such that 4 is a matrix with all
the elements being 1/N . Hence, the mean feature matrix ¯̂X
can be calculated as: W T X Z4. The constraint W T W = I
is to make the basic discriminative feature projection vectors
independent.

Motivated by the compactness and inherent robustness of
binary representations to minor illumination variations [40],
we project the discriminative palmprint features into binary
codes through a third-layer quantization mapping, minimiz-
ing binarization error and preserving feature information to
generate compact and efficient representations for storage and
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matching. To do this, we formulate the following binary
feature encoding objective function:

min
∥∥∥B − PT W T X Z

∥∥∥2

F

s.t. B ∈ {0, 1}
d×N (6)

where B ∈ {0, 1}
d×N represents the binary code representation

of the learned features. PT
∈ Rd×d denotes a feature rotation

function, which makes the quantization loss between the
original features and the encoded binary codes as small as
possible.

To achieve the above goals, the overall objective function
for our feature learning framework is defined as follows:

min
∥∥∥B − PT W T X Z

∥∥∥2

F
− λ1

∥∥∥W T X Z -W T X Z4

∥∥∥2

F

+ λ2∥Z∥∗ + λ3 ∥E∥
2
F + λ4 ∥P∥

2
F

s.t. X = X Z + E, W T W = I, B ∈ {0, 1}
d×N

diag (Z) = 0, E ≥ 0 (7)

where λ1, λ2, λ3, and λ4 are the balance parameters.

B. MLPL Optimization

To obtain the optimal three-layer feature projection func-
tions of our proposed MLPL, we employ the widely used
alternating direction strategy [13] to optimize the multiple
variables of the objective function (7). Specifically, we first
introduce an auxiliary variable H ∈ RN×N to separate the
multiple Z in the objective function (7) as follows:

min
∥∥∥B − PT W T X Z

∥∥∥2

F
− λ1

∥∥∥W T X Z -W T X Z4

∥∥∥2

F

+ λ2∥H∥∗ + λ3 ∥E∥
2
F + λ4 ∥P∥

2
F

s.t. X = X Z + E, Z = H, diag (Z) = 0, W T W = I

B ∈ {0, 1}
d×N , E ≥ 0. (8)

Algorithm 1 MLPL

Input: The training samples: X ∈ Rd×N ; Parameters:
λ1, λ2, λ3, and λ4; Maximum number of
iterations: R.

Initialization: Z , H , E , W , P , B, C , and D with
random values; β = 0.1;
βmax = 1e + 5; and η = 1.01.

for iteration < R do
Update Z by using (12);
Update H by using (14);
Update E by using (16);
Update W by using the GPI algorithm to
optimize (17);

Update P by using (19);
Update B by using (21);
Update C , D, and β by using (22);

Output: W and P .

Then, we convert (8) into its augmented Lagrange function
form, which can be expressed as follows:

min
∥∥∥B − PT W T X Z

∥∥∥2

F
− λ1

∥∥∥W T X Z -W T X Z4

∥∥∥2

F

+ λ2∥H∥∗ + λ3 ∥E∥
2
F + λ4 ∥P∥

2
F

+ ⟨C, X − X Z − E⟩ + ⟨D, Z − H⟩

+
β

2

(
∥X − X Z − E∥

2
F + ∥Z − H∥

2
F

)
s.t. diag (Z) = 0, W T W = I, B ∈ {0, 1}

d×N , E ≥ 0 (9)

where C and D are the Lagrange multipliers. ⟨., .⟩ denotes the
inner product calculation, and β > 0 is a penalty parameter.
By relaxing the inner product operation, we rewrite (9) into
the following form:

min
∥∥∥B − PT W T X Z

∥∥∥2

F
− λ1

∥∥∥W T X Z − W T X Z4

∥∥∥2

F

+ λ2∥H∥∗ + λ3 ∥E∥
2
F + λ4 ∥P∥

2
F

+
β

2

(∥∥∥∥X − X Z − E +
C
β

∥∥∥∥2

F
+

∥∥∥∥Z − H +
D
β

∥∥∥∥2

F

)
−

1
2β

(
∥C∥

2
F + ∥D∥

2
F

)
s.t. diag (Z) = 0, W T W = I, B ∈ {0, 1}

d×N , E ≥ 0.

(10)

After that, we alternately update each variable by temporarily
fixing the other ones, and the details are as follows.

Step 1 (Update Z): By fixing H , E , W , P , B, C , and D,
but not Z , we rewrite the objective function (10) as follows:

min
∥∥∥B − PT W T X Z

∥∥∥2

F
− λ1

∥∥∥W T X Z -W T X Z4

∥∥∥2

F

+
β

2

(∥∥∥∥X − X Z − E +
C
β

∥∥∥∥2

F
+

∥∥∥∥Z − H +
D
β

∥∥∥∥2

F

)
min tr

(
B BT

− 2Z T X T W P B + Z T X T W P PT W T X Z
)

− λ1tr
(

W T X Z Z T X T W − 2W T X Z4H T X T W

+ W T X Z44Z T X T W
)

+
β

2
tr
(

UU T
− 2U X Z T

+ Z T X T X Z
)

+
β

2
tr
(

Z Z T
− 2Z V T

+ V V T
)

s.t. diag (Z) = 0 (11)

where U = X −E +C/β, V = H − D/β. Let the derivative of
the objective function (11) with respect to (w.r.t.) Z be zero,
we can obtain the solution of Z as follows:

Z =

(
X T W P PT W T X − λ1 X T X + λ14X T X

−λ144X T X +
β

2
X T X +

β

2
I
)−1

(
X T W P B + β X T U + βV

)
s.t. diag (Z) = 0

⇒ Z = Z − diag (Z) . (12)
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Step 2 (Update H): Fixing Z , E , W , P , B, C , and D,
but not H , (10) is transformed into the optimization problem
described below

min λ2∥H∥∗ +
β

2

∥∥∥∥Z − H +
D
β

∥∥∥∥2

F
. (13)

Then, we can directly optimize H via the singular-value
thresholding (SVT) operator [38] as follows:

H = 2λ2
β

(
Z +

D
β

)
(14)

where 2 represents the SVT operator and (λ2)/(β) is the
threshold value of the SVT.

Step 3 (Update E): We fix all the variables expect E and
rewrite (10) as follows:

min λ3 ∥E∥
2
F +

β

2

∥∥∥∥X − X Z − E +
C
β

∥∥∥∥2

F

s.t. E ≥ 0. (15)

By computing the derivative of (15) w.r.t. E and setting it to
zero, we can optimize E as follows:

E = max
(

0,
β

2λ3 + β

(
X − X Z +

C
β

))
. (16)

Step 4 (Update W ): By fixing the other variables, including
Z , H , E , P , B, C , and D, but not W , we reformulate (10)
into the following form:

min
∥∥∥∥(PT

)−1
B − W T X Z

∥∥∥∥2

F
− λ1

∥∥∥W T X Z − W T X Z4

∥∥∥2

F

= min
[

tr
((

PT
)−1

B BT P−1
)

− 2tr
(

W T X Z BT P−1
)

+ tr
(

W T X Z Z T X T W
)
−λ1tr

(
W T X Z Z T X T W

− 2W T X Z4Z T X T W +W T X Z44Z T X T W
)]

= min tr
(

W T RW − 2W T Q
)

s.t. W T W = I (17)

where R = X Z Z T X T
− λ1 X Z Z T X T

+ 2λ1 X Z4Z T X T
−

λ1 X Z44Z T X T and Q = X Z BT P−1. After that, W can be
optimized by the GPI algorithm [41].

Step 5 (Update P): Having fixed the values of variables
Z , H , E , W , B, C , and D, the objective function (10) with
only the variable of P becomes the following optimization
problem:

min
∥∥∥B − PT W T X Z

∥∥∥2

F
+ λ4 ∥P∥

2
F

⇒ min tr
(

B BT
− 2PT W T X Z BT

+PT W T X Z Z T X T W P + λ4 PT P
)

. (18)

Making the derivative of (18) w.r.t P zero, we can obtain the
solution of P as follows:

P =

(
W T X Z Z T X T W + λ4 I

)−1
W T X Z BT . (19)

Step 6 (Update B): When other variables (such as Z , H ,
E , W , P , C , and D), but not B are fixed, a modified version
of objective function (10) is presented as follows:

min
∥∥∥B − PT W T X Z

∥∥∥2

F
, s.t. B ∈ {0, 1}

d×N . (20)

Then, B can be directly encoded on the basis of the sign of
PT W T X Z as follows:

B =
1
2

(
sgn

(
PT W T X Z

)
+ 1

)
. (21)

Step 7 (Update C, D, and β): Finally, we fix Z , H , E , W ,
P , and B and update C , D, and β as follows [13]:

C = C + β (X − X Z − E)

D = D + β (Z − H)

β = min (ηβ, βmax) .

(22)

Algorithm 1 summarizes the basic optimization procedure
of the proposed MLPL method.

C. Feature Representation and Matching

After learning both the discriminative feature projection
function W and the feature rotation function P , we can easily
map a new palmprint image into binary feature representations
via (21). In this study, we refer to the effective block-wise
histogram vector method [32] to represent the binary feature
codes for palmprint recognition. Specifically, each of the
kth binary feature maps is weighted by 2k−1, and the sum
of these weighted maps is computed to obtain a decimal
representation of the palmprint features. After that, we flatten
the decimal feature map into a feature vector as the final
palmprint feature descriptor. During the recognition stage, the
commonly used distance measurements, such as Euclidean and
cosine distances, can be calculated to measure the similarity
between the vector-based palmprint feature descriptors.

IV. E-MLPL FOR HETEROGENEOUS PALMPRINT
RECOGNITION

Recently, increasing attention has been given to heteroge-
neous palmprint recognition because the matching palmprint
images of a palm are possibly captured by different devices
under different imaging conditions. In this section, we extend
our proposed MLPL, referred to as E-MLPL, to a more general
version, making it applicable for heterogeneous palmprint
recognition.

A. E-MLPL Objective Function

Based on the notation summarized in Nomenclature, let
Xm

= [xm
1 , xm

2 , . . . , xm
n ] ∈ Rd×N (m = 1, 2, . . . , M) denote

the training vectored DRD sample set formed from the mth
modality of palmprint images with M different heterogeneous
modalities, and let X = [X1, X2, . . . , X M

] ∈ Rd×M N rep-
resent all the training DRD data of M modalities. Given
the significant visual differences among various palmprint
image modalities, we employ LRR to decompose the noise
component from the training data for each modality separately,
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thus obtaining the latent clean palmprint DRD information as
follows:

min
∥∥Zm∥∥

∗
+ λ

M∑
m=1

∥∥Em∥∥2
F

s.t. Xm
= Xm Zm

+ Em, diag
(
Zm)

= 0, Em
≥ 0 (23)

where Zm denotes the LRR of the mth modality samples
and Em denotes the noise component matrix decomposed
from Xm . Then, we learn a common discriminative feature
projection function, referred to as W , aiming to convert
each modality of palmprint images into discriminative feature
representations, as follows:

X̂m
= W T Xm Zm . (24)

Following (12), to strengthen the discriminative capacity of
the palmprint features for each modality, we maximize their
feature variance using the following formulation:

max
∥∥∥W T Xm Zm-W T Xm Zm4

∥∥∥2

F

s.t. W T W = I. (25)

Finally, we convert discriminative palmprint features into
binary codes for compact and robust feature representation.
To make the intrapalm binary codes of palmprint images
with different modalities consistent, we formulate the common
binary code learning objective function as follows:

min
M∑

m=1

∥∥∥B − PT W T Xm Zm
∥∥∥2

F

s.t. B ∈ {0, 1}
d×N (26)

where B denotes a common binary code representation of
palmprint images with different modalities. P represents the
feature rotation matrix, aiming to extensively minimize the
information loss between the common binary codes and
the multimodality palmprint features.

Consequently, we achieve the overall objective function
of the heterogeneous palmprint feature learning model as
follows:

min
M∑

m=1

[∥∥∥B − PT W T Xm Zm
∥∥∥2

F

− λ1

∥∥∥W T Xm Zm
− W T Xm Zm4

∥∥∥2

F

+λ2
∥∥Zm∥∥

∗
+ λ3

∥∥Em∥∥2
F

]
+ λ4 ∥P∥

2
F

s.t. Xm
= Xm Zm

+ Em, W T W = I, B ∈ {0, 1}
d×N

diag
(
Zm)

= 0, Em
≥ 0. (27)

B. E-MLPL Optimization

Similar to the optimization of the MLPL, we use the
alternating direction method to obtain the optimal solutions
of (27). Specifically, to separate the multiple Zm in the

objective function (27), we define M auxiliary variable Hm

for Zm such that (27) can be rewritten as follows:

min
M∑

m=1

[∥∥∥B − PT W T Xm Zm
∥∥∥2

F

− λ1

∥∥∥W T Xm Zm
− W T Xm Zm4

∥∥∥2

F

+λ2
∥∥Hm∥∥

∗
+ λ3

∥∥Em∥∥2
F

]
+ λ4 ∥P∥

2
F

s.t. Xm
= Xm Zm

+ Em, W T W = I, B ∈ {0, 1}
d×N

diag
(
Zm)

= 0, Em
≥ 0, Zm

= Hm . (28)

Then, we combine M modalities of LRRs (i.e., Zm) to
form a composite block-wise LRR, referred to as Z ,
as follows:

Z = blkdiag
(

Z1, Z2, . . . , Z M
)

=


Z1 O · · · O
O Z2

· · · O
...

...
. . .

...

O O · · · Z M

 ∈ RM N×M N (29)

where blkdiag denotes the matrix composite operation. Sim-
ilarly, we combine the multiple auxiliary variables Hm

into a composite block-wise auxiliary matrix H as: H =

blkdiag(H1, H2, . . . , H M ). By doing so, we can reformu-
late (28) into the following optimization problem:

min
∥∥∥B̂ − PT W T X Z

∥∥∥2

F
− λ1

∥∥∥W T X Z − W T X Z4

∥∥∥2

F

+ λ2∥H∥∗ + λ3 ∥E∥
2
F + λ4 ∥P∥

2
F

s.t. X = X Z + E, W T W = I, B̂ ∈ {0, 1}
d×M N

diag (Z) = 0, E ≥ 0, Z = H (30)

where E = [E1, E2, . . . , E M
] ∈ Rd×M N . 4 =

(1)/(M N )11T
∈ RM N×M N and all the elements in 4 are

(1)/(M N ). B̂ = [B, B, . . . , B] ∈ Rd×M N contains M
common binary feature codes. After that, we introduce the
Lagrange multipliers C = [C1, C2, . . . , C M

] ∈ Rd×M N and
D = blkdiag(D1, D2, . . . , DM ) ∈ RM N×M N to convert (30)
into the following form:

min
∥∥∥B̂ − PT W T X Z

∥∥∥2

F
− λ1

∥∥∥W T X Z − W T X Z4

∥∥∥2

F

+ λ2∥H∥∗ + λ3 ∥E∥
2
F + λ4 ∥P∥

2
F

+
µ

2

(∥∥∥∥X − X Z − E +
C
µ

∥∥∥∥2

F
+

∥∥∥∥Z − H +
D
µ

∥∥∥∥2

F

)
−

1
2µ

(
∥C∥

2
F + ∥D∥

2
F

)
s.t. diag (Z) = 0, W T W = I, B̂ ∈ {0, 1}

d×M N , E ≥ 0.

(31)

where µ > 0 is a penalty parameter. In the following, we detail
the optimization procedure for each variable of (31).

Step 1 (Update Zm , Hm , Em , Cm , Dm , and µ): Following
the optimization of MLPL, we can individually update Zm ,
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Hm , Em , Cm , Dm , and µ. Specifically, referring to (12),
we can optimize Zm as follows:

Zm
=

((
Xm)T W P PT W T Xm

− λ1
(
Xm)T Xm

+ λ14
(
Xm)T Xm

− λ144
(
Xm)T Xm

+
µ

2

(
Xm)T Xm

+
µ

2
I
)−1

((
Xm)T W P B + µ

(
Xm)T U m

+ µV m
)

s.t. diag
(
Zm)

= 0

⇒ Zm
= Zm

− diag
(
Zm) (32)

where U m
= Xm

− Em
+ (Cm)/(µ), V m

= Hm
− (Dm)/(µ).

Similarly, by referring (14), (16), and (22), we can compute the
solutions of Hm , Em , Cm , Dm , and µ, respectively, as follows:

Hm
= 2λ2

µ

(
Zm

+
Dm

µ

)
(33)

Em
= max

(
0,

µ

2λ3 + µ

(
Xm

− Xm Zm
+

Cm

µ

))
(34)

and 
Cm

= Cm
+ µ

(
Xm

− Xm Zm
− Em)

Dm
= Dm

+ µ
(
Zm

− Hm)
µ = min (ηµ, µmax) .

(35)

Then, we can obtain combination matrices of Z , H , E , C ,
and D of diverse modalities via blkdiag or concatenation.

Step 2 (Update W and P): Referring to (17), we can
optimize the following objective function to update W via the
GPI algorithm:

min tr
(

W T K W − 2W T J
)

s.t. W T W = I (36)

where K = X Z Z T X T
− λ1 X Z Z T X T

+ 2λ1 X Z4Z T X T
−

λ1 X Z44Z T X T and J = X Z B̂T P−1. Then, referring to (19),
we can obtain the solution of P as follows:

P =

(
W T X Z Z T X T W + λ4 I

)−1
W T X Z B̂T . (37)

Step 3 (Update B̂): B̂ is composed of B, while B can be
directly obtained by encoding the learned features of different
modalities of the same palm as follows.

B =
1
2

(
sgn

(
1
M

M∑
m=1

PT W T Xm Zm

)
+ 1

)
. (38)

Algorithm 2 summarizes the primary optimization steps of
the E-MLPL. Having obtained the common feature projection
functions of W and P , we can easily obtain the compact
binary feature codes of heterogeneous palmprint images and
further convert them into histogram-based feature vectors for
heterogeneous palmprint recognition.

Algorithm 2 E-MLPL

Input: The training samples: X ∈ Rd×M N ;
Parameters: λ1, λ2, λ3, and λ4; Maximum
number of iterations: T .

Initialization: Zm , Hm , Em , W , P , B, Cm , and Dm

with random values; µ = 0.1;
µmax = 1e + 5; and η = 1.01.

for iteration < T do
Update Zm by using (32);
Update Hm by using (33);
Update Em by using (34);
Update W by using the GPI algorithm to
optimize (36);

Update P by using (37);
Update B̂ by using (38);
Update Cm , Dm , and µ by using (35);

Output: W and P .

V. EXPERIMENTS

In this section, we evaluate the performance of our method
through comparisons conducted on five widely used palmprint
databases, namely, CASIA [42], GPDS [43], PolyU_MS [33],
XJTU-UP [29], and MPD [44], to evaluate our proposed
MLPL and E-MLPL. All the experiments were implemented
using MATLAB R2021b on a Windows 11.0 platform, with
hardware comprising an Intel i7-13700KF CPU running at
3.40 GHz and 16 GB of RAM.

A. Databases

The CASIA database comprises 5502 palmprint images
obtained from 624 hands of 312 individuals, with each hand
providing 8–17 palmprint images without constraints on hand
posture and position during image capture.

The GPDS database contains 1000 palmprint images cap-
tured from the right palms of 100 individuals, with each palm
contributing ten images acquired using a contactless camera
setup without any hand constraints.

The PolyU_MS database comprises 24 000 palmprint
images obtained from 500 palms of 250 volunteers. Each
palm was imaged 12 times under four spectral illuminations,
including green, red, blue, and near-infrared (NIR) bands, in a
contact-based imaging manner.

The XJTU-UP database comprises a total of 8000 palmprint
images acquired from 100 subjects, captured using different
types of mobile phones, such as the Huawei Mate8 and
iPhone 6S, under indoor natural light or flashlight conditions,
respectively. Each palm was imaged 20 times under each
collection condition (using one of two mobile phones and
under one of the natural light and flashlight).

The MPD database contains 16 000 palmprint images pro-
vided by 400 palms of 200 volunteers. For each palm,
20 palmprint images were captured by Huawei mobile phones,
and another 20 images by Xiaomi phones. Thus, 40 samples
were collected for each palm.

All the palmprint images have been cropped into ROIs
with a resolution of 64 × 64 pixels, and some palmprint
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Fig. 2. Several exemplary palmprint ROI images randomly chosen from
(a) CASIA, (b) GPDS, (c) PolyU_MS, (d) XJTU-UP, and (e) MPD databases.

images from the five databases are shown in Fig. 2. In this
experiment, we use the CASIA, GPDS, and the NIR band
of the PolyU_MS (PolyU_NIR) databases for homogeneous
palmprint recognition evaluation and the XJTU-UP, MPD, and
PolyU_MS databases for heterogeneous palmprint recognition
testing.

B. Homogeneous Palmprint Recognition Results

To assess the proposed MLPL, we perform palmprint identi-
fication and verification experiments under homogeneous con-
ditions using the CASIA, GPDS, and PolyU_NIR databases.
The evaluation involved comparisons with several state-of-the-
art methods, including hand-crafted palmprint descriptors such
as CompCode [8], LMDP [10], and LDDBP [45]; learning-
based palmprint representation methods such as PCANet [46],
DDBPD [32], LCMFC [47], RsBFL [48], SLCN [14], and
LSIR [40]; and deep learning models such as VGG-F [49]
and MobileNetV4 [50] pretrained on the ImageNet ILSVRC
dataset. In palmprint identification, a single sample from each
palm in every database is randomly chosen to create the train-
ing set, while the remaining samples serve as query data. All
comparisons are conducted ten times, and the average rank-one
identification accuracy is presented in Table I. For palmprint
verification, we compare every two palmprint images in each
database and calculate the genuine acceptance rate (GAR) and
false acceptance rate (FAR). The ROC curves for the various
methods evaluated are shown in Fig. 3.

The results indicate that our proposed method reliably
attains greater identification accuracy rates and also higher
GAR at the same FAR against the state-of-the-art methods.
Unlike hand-crafted palmprint descriptors such as CompCode,
LMDP, and LDDBP, which employ static encoding rules to
convert palmprint images into features, our proposed MLPL
first fully exploits the directional characteristics embedded in
palmprint images and then adaptively learns discriminative
features from the resulting directional representation, leading

to better recognition performance. In addition, the perfor-
mance of the proposed MLPL is competitive with that of
existing learning-based palmprint descriptors such as PCANet,
DDBPD, LCMFC, SLCN, and LSIR. This is possibly because
the existing methods usually learn single-stage feature projec-
tion functions, while our proposed method learns not only
feature projection but also feature rotation mappings, min-
imizing information loss during feature encoding. Finally,
unlike popular deep learning networks such as MobileNetV4,
which usually require large numbers of training samples
to improve recognition performance, our proposed method
incorporates an elaborate design aimed at learning compact
binary codes for effective palmprint discrimination, achieving
a higher recognition rate with limited training samples. The
superiority of the proposed approach is particularly evident
on the PolyU_NIR dataset, where stable NIR lighting and
contact-based image acquisition yield consistent spectral char-
acteristics and reduced intraclass variations, thereby promoting
more discriminative feature learning.

C. Heterogeneous Palmprint Recognition Results

Moreover, we evaluate the E-MLPL by conducting hetero-
geneous palmprint identification and verification experiments
on the PolyU_MS, XJTU-UP, and MPD databases, all of
which include images collected under varying conditions.
Specifically, we combine the NIR band with the green,
blue, and red bands of PolyU_MS samples to form three
PolyU heterogeneous palmprint image datasets, referred to
as G_N (green+NIR), B_N (blue+NIR), and R_N (red+NIR),
respectively. In addition, we combine the XJTU-UP palmprint
images captured by using Huawei Mate8 under natural light
and an iPhone 6S under flashlight to form the XJTU-UP het-
erogeneous image dataset, named HN_IF. Similarly, another
heterogeneous image dataset, named HF_IN, is constructed
by combining images captured with Huawei Mate8 under
flashlight and iPhone 6S under natural light. In addition,
we select the MPD palmprint images captured using the
Huawei (HW) and Xiaomi (XM) phones to form the MPD
heterogeneous palmprint image dataset, denoted as HW_XM.

In heterogeneous palmprint identification, for each palm
in every “A_B” heterogeneous dataset, we randomly select
half of the samples from “A” and half from “B” to form the
training sample set and use the rest for identification testing.
For a better evaluation, we compare the proposed method
with state-of-the-art approaches, including CompCode [8],
OLOF [42], ResNet [51], PCANet [46], DDBPD [32],
LCMFC [47], RsBFL [48], SLCN [14], EfficientVit [52],
and MobileNetV4 [50], and cross-domain recognition methods
such as DHPFL [53]. ResNet, EfficientVit, and MobileNetV4
were pretrained on the ImageNet ILSVRC dataset to extract
deep palmprint features. Table II tabulates the average
rank-one identification accuracies of different methods on
diverse heterogeneous datasets, where all methods are repeated
ten times to report the average results. “A→B” indicates that
all samples of the testing subset from A are used as probes,
while all samples from B form the gallery. In heterogeneous
palmprint verification, for each “A_B” dataset, every palmprint
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TABLE I
AVERAGE RANK-ONE HOMOGENEOUS PALMPRINT IDENTIFICATION ACCURACY OBTAINED BY DIFFERENT METHODS ON THE CASIA, GPDS, AND

POLYU_NIR DATABASES

Fig. 3. ROC curves of the GAR versus the FAR of homogeneous palmprint verification drawn by different methods on (a) CASIA, (b) GPDS, and
(c) PolyU_NIR databases.

TABLE II
AVERAGE RANK-ONE HETEROGENEOUS PALMPRINT IDENTIFICATION RATES ACHIEVED BY DIFFERENT METHODS ON THE HN_IF, HF_IN, HW_XM,

G_N, B_N, AND R_N HETEROGENEOUS PALMPRINT IMAGE DATASETS

image from “A” is compared with each image from “B” to
calculate the GAR and FAR, and Fig. 4 depicts the ROC curves
drawn by different methods.

Similar recognition performance to that observed in homo-
geneous palmprint experiments indicates that the E-MLPL
performs more effectively than state-of-the-art methods, with
enhanced identification and verification accuracy relative to
existing approaches. This phenomenon may be explained by
the fact that the palmprint images with heterogeneous modali-
ties usually have a large feature gap, making most existing
hand-crafted methods hard to obtain the modality-invariant
palmprint feature descriptors with fixed feature extraction
engineering. Moreover, deep learning networks such as Effi-
cientVit and MobileNetV4 typically require large-scale labeled
data to generalize effectively, which constrains their perfor-
mance on small-scale palmprint datasets. In addition, most
existing learning methods learn discriminative representations
separately for diverse heterogeneous palmprint modalities,
which makes it difficult to bridge the modality feature dif-
ferences inherent in heterogeneous images. Unlike them,
our proposed method first isolates and learns discriminative

features specific to heterogeneous palmprint images and fur-
ther jointly obtains the common and collaborative binary
features. As a result, the modality gap at the final feature
level can be effectively reduced, and enhanced recogni-
tion accuracy for heterogeneous data can be obtained. Such
improvement is more evident on the datasets (such as MPD
and PolyU_MS) exhibiting smaller cross-domain discrepan-
cies, whereas the considerable variations in lighting conditions
and imaging devices in XJTU-UP introduce more significant
domain shifts, leading to a marginal reduction in recognition
accuracy.

D. Parameter Analysis

The objective functions of our proposed MLPL and
E-MLPL methods, i.e., (7) and (27), mainly contain four
balance parameters, including λ1, λ2, λ3, and λ4. To the best
of our knowledge, directly determining the optimal values
of these balancing parameters is challenging, as these val-
ues generally depend on the diverse characteristics inherent
in palmprint images from various sources. In this analysis,
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Fig. 4. ROC curves (FAR versus GAR) of heterogeneous palmprint verification drawn by different methods on (a) HN_IF, (b) HF_IN, (c) HW_XM, (d) G_N,
(e) B_N, and (f) R_N datasets.

we first empirically define a candidate value set for these
parameters, i.e., {0.001, 0.01, 0.1, 1, 10, 100, 1000}, and then
conduct comparative verification experiments to test the pro-
posed method. Notably, there is a large number of possible
combinations (i.e., 74) for the four parameters within the
candidate set. For this reason, we search for the suboptimal
value of one parameter while empirically fixing the possible
values of the others.

Specifically, we empirically set λ2, λ3, and λ4 to 0.01,
and conduct palmprint verification with the MLPL on the
CASIA dataset and the E-MLPL on the HN_IF dataset to
compute the equal error rate (EER) versus different values
of λ1, as shown in Fig. 5(a) and (d). The results indicate that
our method consistently achieves superior performance when
λ1 ∈ {0.1, 1, 10, 100, 1000}. Then, we empirically set λ1 to 1,
and calculate the EERs of the MLPL and E-MLPL methods
for different values of λ2 and λ3, as shown in Fig. 5(b)
and (e), respectively. It is observed that the MLPL method
achieves the lowest EER when λ2 is set to 1000 and λ3 ∈

{0.001, 0.01, 100, 1000}, while the E-MLPL method performs
optimally when λ2, λ3 ∈ {100, 1000}. Finally, we empirically
set both λ2 and λ3 to 1000 and test the EER changes of
the MLPL and the E-MLPL versus different values of λ4,
as reported in Fig. 5(c) and (f), respectively. The proposed
method usually achieves the best recognition performance
when λ4 is set to a value from the set {1, 10, 100, 1000}.
As a result, we empirically set λ1, λ2, λ3, and λ4 to 1, 1000,
1000, and 10, respectively, for both the MLPL and E-MLPL
methods.

E. Convergence Analysis

To analyze the convergence of our proposed MLPL and
E-MLPL, we calculate the values of the MLPL and E-MLPL
objective functions, i.e., (7) and (27), versus varying numbers
of iterations, respectively, as shown in Fig. 6. It can be seen
that both the MLPL and E-MLPL converge in approximately
six iterations on all datasets, demonstrating the rapid conver-
gence speed of both methods.

F. Computational Efficiency and Memory Usage Analysis

The computational costs of the proposed MLPL and
E-MLPL frameworks primarily stem from matrix inversion
and singular value thresholding, while memory usage is deter-
mined by the size of the involved variables. Specifically, for
Algorithm 1, the most time-consuming operations are the
matrix inversion and the SVT. Updating Z requires inversion
of an N × N matrix with complexity O(N 3), while updating
H involves SVT on an N × N matrix with complexity
O(τ1 N 3), where τ1 is the number of SVT iterations. Updating
P and W involves d × d matrix inversion and SVT, with com-
plexities O(d3) and O(τ2d3), respectively, where τ2 denotes
the iteration number for W . Other updates mainly involve
basic matrix operations with negligible cost. Consequently,
the overall complexity of Algorithm 1 can be approximated
as O((τ1 +1)N 3

+ (τ2 +1)d3). For the multimodal extension,
the E-MLPL method, as presented in Algorithm 2, performs
a joint optimization of the modality-specific variables Zm and
Hm together with the shared projection mappings W and P
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Fig. 5. EER variations of the MLPL and the E-MLPL methods versus the values of λ1, λ2, λ3, and λ4 on the (a)–(c) CASIA and (d)–(f) HN_IF databases,
respectively.

Fig. 6. Objective function value of (a) MLPL and (b) E-MLPL on different
databases.

across m = 1, 2, . . . , M modalities. This results in a total
complexity of O(

∑M
m=1 (τ1 + 1)N 3

m + (τ2 + 1)d3).
To further verify the theoretical complexity analysis,

we compared the actual computational efficiency of the
proposed method with the state-of-the-art methods. For a
fair comparison, we mainly implemented the traditional
CPU-based palmprint descriptors, such as PCANet, LMDP,
and DDBPD, for efficiency comparison, while the typical deep
learning networks like VGG-F and MobileNetV4 were not
compared, because they heavily rely on GPU accelerators.
In addition, since the MLPL and the E-MLPL methods share
similar feature learning, extraction, and matching procedures,
we focus primarily on calculating the time cost of homo-
geneous palmprint identification with the proposed MLPL.
Table III presents the average time (ms) for feature extraction
and matching of palmprint images across different methods.
It shows that our proposed method usually requires less

TABLE III
AVERAGE TIME (MS) TAKEN BY DIFFERENT METHODS TO PERFORM

FEATURE EXTRACTION AND MATCHING FOR PROCESSING A
PALMPRINT IMAGE

time than the state-of-the-art approaches, demonstrating its
outstanding efficiency.

Moreover, the memory usage of the MLPL is primarily
determined by the matrices stored during optimization, includ-
ing the feature dimension d, the number of DRD vectors per
modality N , and the total number of heterogeneous modali-
ties M . Consequently, the proposed method is most suitable
for medium-scale datasets, while mini-batch strategies can
be adopted to reduce memory requirements for very large-
scale datasets. Overall, the proposed algorithms can achieve
a favorable balance between computational efficiency and
memory consumption, making them applicable for real-world
applications.

VI. CONCLUSION

In this article, we propose a three-layer feature projection
learning method for palmprint recognition, which first learns
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an LRR mapping to decompose noise information from raw
palmprint images, then learns a discriminative feature projec-
tion to capture the personal-invariant features from corrected
palmprint information, and finally learns a feature rotation
mapping for discriminative feature encoding while minimiz-
ing the quantization loss. Moreover, we extend the MLPL
by reducing the domain gaps of heterogeneous palmprint
images, making our proposed method applicable for both
homogeneous and heterogeneous palmprint recognition. Com-
pared with state-of-the-art approaches, the proposed method
achieves superior recognition performance, as evidenced by
experiments on various types of palmprint image databases. Its
lightweight architecture, high robustness, and accurate feature
representation make the framework well-suited for practical
applications, such as mobile payment and access control sys-
tems, while the MLPL and E-MLPL may exhibit performance
degradation under extreme cross-spectral or cross-device con-
ditions. In future work, we will focus on addressing such
limitations to improve model stability under diverse acquisi-
tion scenarios. How to extend our proposed method to other
palmprint-related biometric modalities, such as finger vein
and hand geometry recognition, constitutes another promising
direction.
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