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Abstract. Contactless palmprint recognition is a widely used method of personal identification. Its
performance relies primarily on the feature extraction stage, where intra-variability (pose, scale, and
illumination) must be considered. This study presents a novel and challenging contactless palmprint
representation called the Deep Statistical Image Features (DSIF), which combines the Discrete Wavelet
Transform (DWT) with the Principal Component Analysis Network (PCANet). The methodology uses
the following steps: First, the DWT of levels 1 and 2 is applied to extract different sub-band images.
Next, the PCANet algorithm is applied to the palmprint image and the low-frequency sub-band images.
Then, histograms are extracted and concatenated. Finally, the reduced representation is constructed
using Whitened Principal Component Analysis (WPCA). The key contribution of this study is its feature
extraction methodology, which uses multiresolution analysis instead of multi-patch decomposition in
order to obtain pertinent information from various image resolutions. The proposed method uses
the entire IIT-Delhi contactless database to construct the model, which is then tested on two other
contactless palmprint databases, CASIA and Tongji. The method achieved rank-1 identification rates
of 99.80 % on CASIA, 98.77 % on Right Tongji, and 99.07 % on Left Tongji, results that are impressive
compared to current approaches and methods.
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1. Introduction
Accelerated advances in information and network tech-
nologies have made information security more criti-
cal than ever before [1, 2]. Biometrics is increas-
ingly adopted due to its stability, uniqueness, and
convenience [3]. Biometric systems comprise various
techniques, methods, algorithms, and devices that
leverage human characteristics to automatically and
accurately identify individuals. Hand-based biomet-
ric identifiers, in particular, are attracting a great
deal of interest due to their ease of use and accep-
tance [3–5]. The most commonly used hand-based
biometrics are fingerprints [6], hand shape [7], and
palmprints [8–10]. In the field of biometry, palm-
print recognition has emerged as a promising technol-
ogy, taking advantage of the human palm’s unique
anatomical and physiological features. Unlike finger-
prints, palmprints feature distinctive patterns formed
by ridge structures, minutiae, and skin texture, which
remain largely unchanged throughout an individual’s
life [11, 12]. This stability, combined with the rel-
atively larger surface area of the palm, results in
a range of features that can improve the accuracy

and reliability of biometric systems. Both contact
and non-contact (contactless) acquisition methods
can be used to obtain palmprint images. When using
a contact-based palmprint acquisition method, sub-
jects must ensure their hand is positioned correctly
to take pictures by touching the sensor fastened to
pegs [13]. A contactless palmprint acquisition method
is feasible in unrestricted settings and with commercial
off-the-shelf cameras. The latter offers several benefits,
including greater confidentiality and user-friendliness
as well as the absence of hygiene risks, which was
particularly important during the recent COVID-19
pandemic [14–18]. Over the last few decades, nu-
merous approaches have been proposed for palmprint
recognition. Current palmprint feature extraction
methodologies can be classified into two main cate-
gories: handcrafted feature-based and deep learning-
based approaches. The former includes several sub-
categories, such as line-based approaches [19, 20],
coding-based approaches [21–24], statistic-based ap-
proaches [25], subspace-based approaches [26], and
texture-based approaches [27]. Doghmane et al. [28]
presented a novel palmprint recognition framework
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called the Discriminant Gabor LPQ Spatial Pyramid
Histogram (DGLSPH). This method uses a combina-
tion of Gabor wavelet analysis, Local Phase Quanti-
zation (LPQ), and Spatial Pyramid Histogram (SPH)
to extract discriminative features from palmprint im-
ages. The extracted features are further processed
using the Whitened Linear Discriminant Analysis
(WLDA) in order to enhance discriminability while
reducing dimensionality. This study evaluates the
method using three palmprint databases (PolyU2D,
PolyU2D/3D, and IITD), demonstrating that it is
significantly more accurate than existing techniques.
Bendjoudi et al. [29] proposed a new palmprint identi-
fication approach based on Patch Binarised Statistical
Image Features Descriptor (PBSIFD). Their study
aimed to improve palmprint recognition by addressing
computational complexity and sensitivity to trans-
lation, illumination, and rotation. The authors in-
troduced a simplified version, RPBSIFD, that uses
WLDA for feature reduction. The method was eval-
uated on multiple palmprint databases (PolyU2D,
PolyU2D/3D, IITD, and CASIA). Ignat et al. [30] pre-
sented a palmprint recognition system using SURF key
points and a novel fixed-number key point selection
algorithm called FIKEN. Their approach combines
SURF key point extraction with a nearest-neighbour
classification scheme using a ratio-based distance mea-
sure. The approach was validated experimentally on
the IITD, CASIA, and GPDS contactless palmprint
datasets. Amrouni et al. [13] presented a contactless
palmprint recognition approach that uses binarised
statistical image features (BSIF) with a multiresolu-
tion analysis. Their system uses the Discrete Wavelet
Transform (DWT) for multiscale representation, fol-
lowed by BSIF-based feature extraction. Cao et al. [9]
proposed a palmprint recognition method that em-
phasises template protection through composite fixed-
length ordered features. By fusing dual-orientation
features extracted via a modified finite Radon trans-
form (MFRAT) and point features derived from SURF,
the system employed an index-of-max (IoM) transfor-
mation for irreversible template protection. Its evalua-
tion on the CASIA and PolyU datasets demonstrated
enhanced recognition accuracy and robust security
against a variety of attacks.

In the second category, deep learning techniques,
particularly convolutional neural networks (CNNs),
are used to automatically learn hierarchical features
from raw data, reducing the need for manual feature
extraction. This improves recognition performance
and enhances robustness to fluctuations in image qual-
ity and environmental conditions. The most com-
monly used deep-learning feature in palmprint recog-
nition is derived from Convolutional Neural Network
(CNN). It consists of a number of convolutional and
sub-sampling layers, producing a fully connected layer,
which in turn can be used as a robust feature classi-
fier module. However, a weakness of this approach is
that it requires a higher number of training images to

train the network for the desired performance, which
can be impractical for palmprint recognition systems.
Moreover, CNNs require a considerable number of
parameters and have high computational demands,
which makes them unfeasible for real-time applica-
tions. To overcome the shortcomings of the CNN-
based method, Chan et al. [31] proposed a simple
deep learning method called the Principal Component
Analysis Network (PCANet) that uses basic data pro-
cessing components, such as cascaded PCA, binary
hashing, and block-wise histogram, for image classifica-
tion. The PCANet has two stages: the convolutional
stage and the output stage. In the convolutional stage,
the PCANet learns the filter banks by PCA and can
be more easily and efficiently designed as compared
to a CNN. It generates the filter using the whole view
of an original image. Then, the image is convolved
with the filter bank generated from the previous step.
In the output stage, the output from the last convo-
lutional layer is then converted to a binary hash, and
a block-wise histogram is generated for classification.
Veigas and Kumari [32] presented a touchless palm-
print recognition system using an AlexNet-inspired
CNN combined with a fuzzy Support Vector Machine
(SVM). The CNN extracts discriminative palmprint
features, which are then classified using a fuzzy SVM
to ensure robust performance. Trabelsi et al. [33] intro-
duced an efficient palmprint biometric identification
system using a simplified PalmNet architecture and
Gabor filters for feature extraction. Feature selection
and dimensionality reduction techniques were applied
to reduce the computational overhead without compro-
mising accuracy. A Support Vector Machine (SVM)
classifier was employed for the classification, achieving
high recognition rates on CASIA, PolyU, IITD, and
Tongji datasets. Belhocine et al. [2] introduced a con-
tactless palmprint recognition system combining hand-
crafted and deep learning-based features, including the
Pyramid Histogram of Oriented Gradients (PHOG),
Local Phase Quantisation (LPQ), DCTNet, DSTNet,
PCANet, and ICANet. A deep rule-based (DRB)
classifier was employed for the classification tasks.

This paper proposes a new palmprint feature
representation using the PCANet algorithm and
multi-resolution analysis. Inspired by the work of
Chan et al. [31], we built the PCANet model from
the entire IIT-Delhi database. The generated model
is then used for other contactless palmprint databases
within the multi-resolution framework.

The key contributions of this paper can be sum-
marised as follows:

• A feature extraction approach for contactless palm-
print recognition is proposed, leveraging the power
of Discrete Wavelet Transform (DWT) multiresolu-
tion analysis combined with the advanced PCANet
method.

• A novel method is proposed to significantly improve
the classification accuracy.
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Figure 1. The 2D-wavelet decomposition.

• Extensive experiments and thorough analyses are
conducted during the feature extraction stage, test-
ing and considering a range of configurations to find
the best-performing parameters that maximise the
recognition rate.

The remaining sections of the paper are organised as
follows: Section 2 explains the proposed methodol-
ogy and each technique used in this work. Section 3
presents the outcomes of our experiments and a com-
parative analysis. Section 4 concludes the paper.

2. Proposed approach
Recently, deep learning approaches have gained pop-
ularity, particularly convolutional neural networks
(CNNs), which automatically learn and extract fea-
tures from palmprint images, resulting in improved
accuracy and robustness. It is well-recognised that
texture is one of the most important characteristics of
a palmprint image. Motivated by these considerations,
the main objective of this study is to use a simple
deep learning network with a multi-resolution anal-
ysis to extract textural information across different
levels. The PCANet method is used mostly for image
classification and face recognition [31]. The proposed
representation step is, therefore, developed based on
the use of the PCANet method in a multiresolution
analysis framework to extract deep statistical features
from the input palmprint image. The following sub-
sections outline the key steps of the proposed method
and explain its underlying principle.

2.1. Discrete Wavelet Transform (DWT)
The Discrete Wavelet Transform (DWT) is a powerful
signal processing technique used to analyse signals at
multiple levels of resolution. It transforms a discrete-
time signal into a set of coefficients representing the
signal at different frequency bands and time intervals.
The DWT uses a variety of mother wavelets, including
Haar, Daubechies, Coiflets, and symlet. The following
Equations (1)–(3) provide a mathematical expression
of the theoretical background of applying the DWT
to a 2D image, and they are explained as follows:

• Let ψ(t) be a mother wavelet function. We can
derive the wavelet function family ψ(a,b)(t) as:

ψa,b(t) = 1√
a
ψ

(
t− b

a

)
, (1)

where a and b are the scale and the position param-
eters, respectively.

• Assume I(x, y) is an image of size M × N . The
two-dimensional DWT is expressed as follows:

Aφ(j0,m, n) = 1√
MN

M−1∑
x=0

N−1∑
y=0

I(x, y)φj0,m,n(x, y), (2)

Di
ψ(j,m, n) = 1√

MN

M−1∑
x=0

N−1∑
y=0

I(x, y)ψj,m,n(x, y), (3)

where Aφ(j0,m, n) represents the approximation
coefficients of I(x, y) at a scale j0, Di

ψ(j,m, n) rep-
resents the horizontal, vertical, and diagonal detail
coefficients for a scale j ≥ j0, respectively, and φ(.),
ψ(.) define the scaling and the wavelet functions,
respectively.
Figure 1 shows several resolutions represented in

an image by repeating cycles of wavelet transform
(high pass filter) and scaling (low pass filter). While
the wavelet gathers the image’s high-frequency (de-
tail) information, the scaling captures the image’s
low-frequency (approximation) information. A single
2D DWT decomposition yields four sub-bands, each
one-half the size. Due to the concentration of energy
in low frequencies, the lower-resolution version effec-
tively captures most of the original image, resulting
in excellent image representation efficiency.

The 2D wavelet transform separates an image into
four sub-bands. The high-frequency components cor-
respond to the horizontal, vertical, and diagonal detail
coefficients, while the low-frequency component corre-
spond to the approximation coefficients.

2.2. Principal Component Analysis
Network (PCANet) structures

PCANet maintains the CNN architecture while em-
ploying an unsupervised learning methodology. In this
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Figure 2. Example of the learned PCANet filters derived from the entire IIT-Delhi database. At the top: the eight
filters of the first stage, At the bottom: The eight filters of the second stage.

approach, convolution kernels are derived from image
plots through the cascaded principal component analy-
sis (PCA) algorithm rather than through an iterative
weight adjustment process. Chan et al. [31] intro-
duced PCANet, a simple yet effective deep learning
model designed for image classification tasks. The net-
work leverages cascaded Principal Component Anal-
ysis (PCA) filters, binary hashing, and block-wise
histograms for feature extraction. Despite its struc-
tural simplicity and absence of nonlinear activation
functions in intermediate layers, PCANet achieved
a competitive performance across multiple datasets,
including face recognition and handwritten digit clas-
sification. It served as a baseline model for deep
learning research, demonstrating that even basic lin-
ear operations can yield strong classification results.

The overall architecture of PCANet is divided into
two phases: training and testing. In the training
phase, the filter banks for the first and second layers
of PCANet are constructed using the PCA algorithm.
An example of the learned PCANet filters derived
from the entire IIT-Delhi database is shown in Fig-
ure 2. In the testing phase, the convolution process
is performed, in which both the training and test-
ing images are convolved with the filter bank built
during the training phase. Before being sent to the
classifier, the output of the last convolutional layer is
restructured to produce the final feature vector.

2.2.1. PCANet technique principle
Let us consider N training images {Ii}Ni=1 and a patch
size of k1 × k2 at all stages. Only the PCA filters
need to be learned from the input images Ii in the
PCANet model. During the training phase, it is pre-
sumed that N input training pictures of size m × n
are provided as {Ii}Ni=1, and Li denotes the number of
filters in the ith convolutional layer. In the first layer,
patches are taken using the size k1 × k2 in Ii, and
they are transformed into vectors that are represented
by Xi,j ∈ Rk1×k2 . All centred vectors are grouped
in the matrix X̄i = [x̄i,1, . . . , x̄i,mn] ∈ Rk1k2mn, and
let X =

[
X̄1, . . . , X̄N

]
∈ Rk1k2×Nmn be a concate-

nation of all the training images. The first layer
filters are built using the covariance matrix XXt by
reshaping the L1 principal eigenvectors, where the
matk1,k2(ql(XXt)) maps the lth principal eigenvector
ql(XXt) ∈ Rk1k2 to the matrix w1

l ∈ Rk1×k2 . The
first layer outputs are generated by a convolution of

the input image with each filter I li = Ii ∗ w1
l . The

process for the second layer is identical to that for the
first layer, where the input images are the first layer
outputs and are integrated into Y =

[
Y 1, . . . , Y L1

]
∈

Rk1k2×Nmn. The second layer filters are calculated
as W 2

l = matk1,k2(ql(Y Y t)) ∈ Rk1k2 , l = 1, 2, . . . , L2.
Every training and testing image is convolved to the
filter bank created during the training phase for the
testing phase. The result of this procedure can then
be written as Oli =

{
I li ∗W 2

l

}L2

l=1. After that, the out-
put is binarised as

{
H

(
I li ∗W 2

l

)}L2

l=1, and converted
to the decimal as T li =

∑L2
l=1 2l−1H

(
I li ∗W 2

l

)
, where

H(.) is the Heaviside function. The feature vector
representation fi = B hist

(
T 1
i , . . . , T

L2
i

)
∈ R2L2L1B is

obtained by employing a block-wise histogram strat-
egy where the number of blocks in each T li is denoted
as B. We set the PCANet parameters to a filter size
of k1 = k2 = 5, the number of filters L1 = L2 = 8,
and the number of blocks B = 1. An example of
encoded image generation process using the PCANet
algorithm is illustrated in Figure 3.

2.3. Proposed palmprint representation
The main contribution of our study is the feature
extraction step, which is based on the use of PCANet
method in a multiresolution analysis framework to
extract Deep Statistical Image Features (DSIF) from
the input palmprint image. The concept is outlined
in Figure 4 and consists of the following phases: First,
the PCANet method is applied directly to the orig-
inal palmprint image, and its associated histogram
is extracted. The original palmprint image is then
subjected to the DWT decomposition, which sepa-
rates it into four sub-band images: Low-Low (LL),
Low-High (LH), High-Low (HL), and High-High (HH).
This decomposition corresponds to the first level of
the DWT. Furthermore, the obtained LL sub-band im-
age provides access to more accurate approximations
of the original image while replacing and compress-
ing it. In the initial stage of the decomposition, the
PCANet method is applied to the L1-LL sub-band
(Level 1 of Low-Low), generating its corresponding
histogram. Likewise, the DWT decomposition pro-
cess is applied to the L1-LL sub-band to derive the
L2-LL representation, which encompasses more useful
and compressed information. This step is followed
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(a)

(b)
(c)

(d)

(e) (f)

(g)

Figure 3. Example of encoded image generation process using PCANet algorithm. (a) Original image, (b) Filters
derived from stage 1 (size 5 × 5), (c) Image responses after stage 1, (d) Filters derived from stage 2 (size 5 × 5),
(e) Image responses after stage 2, (f) Binary images, (g) Encoded images.

Figure 4. Proposed palmprint representation.

by a PCANet technique to produce the histogram
of the second resolution. After that, the histograms
produced from each level are concatenated to form
a feature vector representation. Next, a pooling op-
eration is performed to reduce dimensionality and
extract the most important features by projecting
palmprint features into a lower-dimensional space us-
ing a whitened PCA method, therefore providing the
DSIF representation. Finally, the K-NN classifier is
used with a cosine distance for the classification step.

3. Discussion of experiments and
results

In this section, we evaluate the performance of the
proposed representation in touchless palmprint recog-
nition. We will conduct several experiments organised
into three main parts. The first part involves con-
structing the PCANet’s learned filters. The second
part presents experiments to select the optimal fea-
ture extraction parameters. The last part focuses on
evaluating the performance of the proposed biometric
identification system. We use the entire IIT-Delhi
dataset for learning the PCA filters in PCANet, and

then apply this trained PCANet within the multireso-
lution framework to extract features of new subjects
in the CASIA and Tongji touchless palmprint datasets.
In all experiments, the dimensions of the proposed
feature vectors are reduced to 1 000 via a whitening
PCA (WPCA) [34], where the projection matrix is
trained from the features of gallery samples. The NN
classifier with cosine distance is used without apply-
ing any image pre-processing. In addition, we follow
the evaluation protocol (with the exception of exper-
iment #4). The CASIA dataset has been randomly
split into training and testing sets in a 60:40 ratio.
The recognition rates averaged over five random splits.
In the Tongji database, we use the two palmprint
samples (left and right palms) separately for the eval-
uation. The samples taken during the first session are
used for training, while those from the second session
are used for testing.

3.1. IIT-Delhi dataset
In the IIT Delhi touchless palmprint database, images
were collected from 230 individuals using both hands
(i.e. 460 distinct palms). At least five palmprint sam-
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(a). First subject.

(b). Second subject.

Figure 5. Examples of palmprint images from the IITD database.

Figure 6. Examples of palmprint images from the CASIA database.

ples for each hand are available for each individual.
ROI images are also available at [35], which were ex-
tracted using the algorithm described in [23]. Figure 5
gives some ROI examples of palmprint images from
two different subjects. The four images in the first
row were captured from the first subject while the im-
ages in the second row were captured from the second
subject. We use these assembled palmprint images to
train the PCANet.

3.2. CASIA dataset
The CASIA palmprint image database was established
by the “China Academy of Sciences Institute of Au-
tomation (CASIA)” and contains 5 502 images from
312 subjects (i.e. 624 distinct palms). Each subject
had more than eight palmprint images taken for both
their left and right hands. All images in this database
were obtained with a CMOS camera and without pegs.
The images are 8-bit grey-level JPEG files. Figure 6
shows examples of palmprint images from the CASIA
database.

3.3. Tongji dataset
The Tongji is a publicly available dataset including
12 000 images of 600 distinct palms. The dataset
comprises data from a broad group of 300 participants,
including 192 males and 108 females, with 235 people
aged 20 to 30 and the remainder aged 30 to 50. Two
independent sessions were held to collect left and right
palm samples. Each volunteer contributed 10 images
per palm during each session, totalling 40 images from
two palms per person. The average gap between the
first and the second sessions was 61 days. Figure 7
shows some ROI examples of palmprint images from
two different sessions of the same subject.

3.4. Experiment #1: Learned filters of
PCANet

In this subsection, we use the entire IIT-Delhi
database for training the PCANet filters. The
PCANet hyperparameters are chosen as shown in
Table 1.
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(a). Left palm images of the first subject from session 1.

(b). Left palm images of the first subject from session 2.

(c). Right images of the first subject from session 1.

(d). Right palm images of the first subject from session 2.

Figure 7. Examples of palmprint images from the Tongji database.

Hyperparameters Description Values

S Number of stages S = 2
K1, k2 The filter size (with K1 = k2) K1 = k2 varies from 3 to 11
L1 Number of filters in first stage L1 = 8
L2 Number of filters in first stage L2 = 8

Table 1. Values of the PCANet hyperparameters.

The filter learning process uses the PCA algorithm
by varying the patch size k1 = k2 from 3 to 11. Fig-
ure 8 shows all of the learned PCANet filters.

3.5. Experiment #2: The impact of the
wavelet family

This section examines the effect of the wavelet type
used on the performance of the proposed recognition
system, using the CASIA database. The filter size of
the networks is k1 = k2 = 5, and the number of fil-
ters in the first and second stages is L1 = L2 = 8.
The examined wavelet families include the Haar,
Daubechies (db), Biorthogonal (bior), Coiflets (coif),

and Symlets (sym). Table 2 clearly shows that the
Haar wavelet achieved the best performance with
a recognition rate of 99.77 %. This can be attributed
to its ability to detect discontinuities, which is highly
effective for identifying the contours of hand lines and
distinctive palm features. Consequently, in the subse-
quent experiments, we adopt the Haar wavelet as the
optimal parameter.

3.6. Experiment #3: Impact of the filter
patch size

In this experiment, we examine the impact of the filter
size on the robustness of the proposed approach. We
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Figure 8. All filters learned from the entire IIT-Delhi database using the PCANet algorithm.

DWT Biorthogonal Daubechies Symlets Coiflets Haarfamilies

R
es

ul
ts bior1.3 99.43 ± 0.33 db1 99.58 ± 0.23 sym2 99.60 ± 0.25 coif1 99.61 ± 0.10

99.77
±0.20

bior1.5 99.43 ± 0.20 db2 99.51 ± 0.17 sym3 99.64 ± 0.19 coif2 99.41 ± 0.37
bior2.2 99.50 ± 0.12 db3 99.38 ± 0.29 sym4 99.61 ± 0.11 coif3 99.18 ± 0.37
bior6.8 99.45 ± 0.32 db4 99.32 ± 0.33 sym5 99.55 ± 0.09 coif4 99.22 ± 0.21

Table 2. Recognition accuracy of the proposed method for the CASIA database for different wavelet types.

vary the filter size in both stages, setting k1 = k2 to
odd values from 3 to 11, and we set L1 = L2 = 8.

Tables 3 and 4 demonstrate how the filter size af-
fects the recognition system. It can be seen that the
lowest recognition rates, 90.22 % (CASIA), 80.03 %
(Right Tongji), and 81.07 % (Left Tongji) are achieved
when employing a small filter size (k1 = k2 = 3).
Conversely, the highest recognition rates, 99.80 %
(CASIA), 98.77 % (Right Tongji), and 99.07 % (Left
Tongji), are achieved with the filter size of 7 × 7.
This evaluation reveals that making a well-informed
choice can effectively harness the extraction of high-
frequency components by leveraging a greater number
of filters (L1 = L2 = 8), while simultaneously ensuring
the preservation of relevant low-frequency information
due to the large size of the filters (k1 = k2 = 7). This
strategic approach promises to deliver superior results.

3.7. Experiment #4: Impact of the
number of palmprint training
samples

We report the recognition accuracy of the proposed
approach as a function of the number of generic con-

K1 × k2 Accuracy [%]

3 × 3 90.22 ± 0.01
5 × 5 99.77 ± 0.20
7 × 7 99.80 ± 0.02
9 × 9 99.62 ± 0.01

11 × 11 99.60 ± 0.15

Table 3. Identification rates with different filter sizes
for the CASIA database.

K1 × k2
Accuracy [%]
Left Right

3 × 3 81.07 80.03
5 × 5 97.93 97.30
7 × 7 99.07 98.77
9 × 9 99.02 98.73

11 × 11 98.87 98.20

Table 4. Identification rates with different filter sizes
for the right and left Tongji databases.
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Training set Accuracy [%]

40 % 97.81 ± 0.54
50 % 99.30 ± 0.17
60 % 99.80 ± 0.09
70 % 99.84 ± 0.08

Table 5. Impact of the number of palmprint training samples for CASIA database.

Training set Left Right

40 % 97.17 ± 0.67 97.37 ± 0.21
50 % 97.61 ± 0.62 97.81 ± 0.47
60 % 98.30 ± 0.29 98.43 ± 0.40
70 % 98.67 ± 0.14 98.55 ± 0.25
100 % 99.07 98.77

Table 6. Impact of the number of palmprint training samples for Tongji database.

CASIA Tongji right Tongji left

PHOG-based feature extraction [2] - 99.07 % (level = 4) 98.93 % (level = 5)

LPQ-based feature extraction [2] - 99.41 99.44
(window size = 15 × 15) (window size = 35 × 35)

BSIF + DWT [13] 98.10 - -
Reduced BSIF Descriptor [29] 99.34 - -
Alexnet + Fuzzy SVM [32] 98.93 - -
VGG-16 [36] 92.14 - -
VGG-19 [36] 92.16 - -
Alexnet [37] 96.73 - -
PCANetStandard 96.47 87.63 87.40
Our approach (DSIF) 99.80 98.77 % 99.07 %

Table 7. Comparative results showing the recognition rates of the proposed schemes and recently proposed methods
for CASIA and Tongji databases.

tactless palmprint training images. For the CASIA
database, we randomly split the images into train-
ing and testing sets by adjusting the training ratio
from 40 % to 70 %, with the remainder constitut-
ing the test set. Similarly, for the Tongji database,
we randomly selected a training set by varying the
training ratio from 40 % to 100 % of the Right (or
Left) Tongji set from the first session and the en-
tire Right (or Left) Tongji set from the second ses-
sion was used as a testing set. Our findings indi-
cate that the accuracy of the proposed method is
slightly sensitive to the number of generic palmprint
training images. However, the performance of the
proposed method shows a promising trend, gradu-
ally improving as the number of generic palmprint
training samples increases, as shown in Tables 5
and 6.

3.8. Experiment #5: Comparison with
the state of the art

To ensure a more comprehensive analysis, we con-
ducted a thorough comparison of our innovative ap-
proach with several state-of-the-art methods for con-
tactless palmprint recognition. Table 7 presents the av-

erage rank-1 recognition rates of our proposed method
compared to other advanced feature extraction tech-
niques. The results conclusively confirm that our ap-
proach not only is highly competitive, but also signifi-
cantly outperforms existing methods. Notably, when
compared with the standard PCANet method, our ap-
proach achieves a significantly higher accuracy, boast-
ing improvements of 3.33 %, 11.67 %, and 11.14 % for
the CASIA, Left Tongji, and Right Tongji databases,
respectively. Which is not a mere incremental progress,
but a leap forward in the effectiveness of palmprint
recognition.

4. Conclusion
In this paper, the proposed novel approach for con-
tactless palmprint representation combines the unsu-
pervised convolutional deep learning network PCANet
and a multi-resolution image analysis. The method is
based on three key steps:
(1.) the Discrete Wavelet Transform (DWT) used to

perform a multi-resolution analysis by decomposing
the palmprint texture into various frequency sub-
bands;
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(2.) the PCANet algorithm used to efficiently learn
complex discriminative filters without relying on
labelled training data;

(3.) the whitened PCA method used to reduce the
dimensionality of the global histogram and preserve
only the most informative components.

The comprehensive experimental results demonstrate
that this proposed DSIF representation achieves a high
identification accuracy across multiple heterogeneous
and contactless palmprint image acquisition systems,
confirming its enhanced robustness against variations
in the capture distance, angle, and illumination. Ulti-
mately, the developed model could benefit from several
potential improvements in future work. For example,
exploring new concatenation strategies by varying fil-
ter banks and scale factors, employing multi-size filters
instead of fixed-dimension patches, or using different
activation functions, such as sigmoid, tanh, or even
ReLU, instead of the basic binarisation operation are
all viable options. These approaches could enhance
the effectiveness of the proposed method.
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