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Abstract—Cooperative palmprint recognition, pivotal for civil-
ian and commercial uses, stands as the most essential and broadly
demanded branch in biometrics. These applications, often tied
to financial transactions, require high accuracy in recognition.
Currently, research in palmprint recognition primarily aims to
enhance accuracy, with relatively few studies addressing the
automatic and flexible palm region of interest (ROI) extraction
(PROIE) suitable for complex scenes. Particularly, the intricate
conditions of open environment, alongside the constraint of
human finger skeletal extension limiting the visibility of Finger
Valley Points (FVPs), render conventional FVPs-based PROIE
methods ineffective. In response to this challenge, we propose an
FVPs-Free Adaptive ROI Detection (FFARD) approach, which
utilizes cross-dataset hand shape semantic transfer (CHSST)
combined with the constrained palm inscribed circle search,
delivering exceptional hand segmentation and precise PROIE.
Furthermore, a Recurrent Layer Aggregation-based Neural Net-
work (RLANN) is proposed to learn discriminative feature
representation for high recognition accuracy in both open-set and
closed-set modes. The Angular Center Proximity Loss (ACPLoss)
is designed to enhance intra-class compactness and inter-class
discrepancy between learned palmprint features. Overall, the
combined FFARD and RLANN methods are proposed to address
the challenges of palmprint recognition in open environment,
collectively referred to as RDRLA. Experimental results on
four palmprint benchmarks HIT-NIST-V1, IITD, MPD and
BJTU PalmV2 show the superiority of the proposed method
RDRLA over the state-of-the-art (SOTA) competitors. The code
of the proposed method is available at https://github.com/
godfatherwang2/ RDRLA.

Index Terms—Palmprint recognition, palm ROI detection,
recurrent layer aggregation, angular center proximity loss.
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I. INTRODUCTION

PALMPRINT recognition, from verification on payment
applications to identification on surveillance streams,

plays an important role on enhancing the security and con-
venience of processes involving access control and financial
services [1], [2], [3]. Given its flexibility and hygienic ben-
efits, palmprint recognition is showing significant promise
for broader implementation in open environment, as seen
in applications like Amazon One1 and the Beijing subway
system.2 The typical pipeline of a palmprint recognition
system contains three core steps: PROIE, feature extraction,
and feature matching (including one-to-one verification and
one-to-all identification). PROIE is devoted to clipping the
key part of the palm including abundant texture pattern
from the raw image. It also adjusts the located sub-image
into canonical orientation for consistent processing. Feature
extraction involves mapping the palm ROI into a feature
vector (embedding). The comparison of two palmprint images
is conducted by assessing their embeddings that evaluates
the level of identity resemblance between the two palms.
Specially, such embeddings should exhibit compact intra-class
variations and separable inter-class differences. Therefore, the
main challenges in open-environment palmprint recognition
are centered around the development of flexible PROIE and
the learning of discriminative palmprint features, as shown in
Figure 1.

The increasing need for robust security measures has
propelled palmprint recognition to evolve, focusing on adapt-
able and trustworthy capabilities in complex scenarios. The
remarkable success of deep learning (DL) has paved the way
for widespread application [4], making DL-based methods
the predominant approach in the field. Due to factors such
as changing illumination, complex backgrounds, unrestricted
hand placement, and heterogeneous palmprint images in open
environment, cooperative palmprint recognition aimed at civil-
ian and commercial use still has room for further improvement.
It involves a series of steps where the effectiveness of feature
extraction depends on the quality of PROIE. The accuracy
largely relies on the neural network’s ability to learn and

1https://www.aboutamazon.com/news/retail/amazon-one-whole-foods-
market-palm-scanning

2https://www.globaltimes.cn/page/202305/1290687.shtml
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Fig. 1. Illustration of the challenges in palmprint recognition. Within the
context of open environment, enhancements are required in the processes of
PROIE, feature representation, and feature matching for palmprint recognition.

Fig. 2. The commonly used FVPs-based PROIE methods. The methods
displayed above, from left to right, are taken from Refs. [5], [6], [7], and [8].

distinguish palmprint features effectively. While there has been
a significant push to refine neural network architecture for
better feature learning, the enhancement of PROIE efficiency
and the formulation of specialized loss function for training
palmprint images have not received comparable attention [5].

As shown in Figure 2, present PROIE methods are heavily
contingent upon precise FVPs (also known as Key Refer-
ence Points, KRPs) localization. The ability to detect FVPs
frequently suffers due to unconstrained hand placement or con-
straints in the human finger skeleton extension, making FVPs
challenging to identify. Such limitations notably detract from
the efficiency of PROIE techniques. The palmprint recognition
accuracy is seriously affected by the poor PROIE quality. It
should be noted that the terms KRPs and FVPs are nearly
synonymous. Yet, the KRPs identified in the literature often
encompass both the FVPs and certain points along the palm’s
perimeter [6]. For simplicity, these two cases are collectively
referred to as FVPs in this work.

Our primary focus is centered on the discussion around
the FVPs. To tackle the challenges outlined, we revisit the
open-environment palmprint recognition solution. The main
contributions can be summarized as follows.
• FFARD accomplishes two key tasks: Firstly, it facilitates

unsupervised hand segmentation through CHSST. Sec-
ondly, it streamlines PROIE in an automated manner via
the constrained inscribed circle search, eliminating the
reliance on FVPs, which was a common requirement in
previous methods.

• RLANN reuses the feature maps of convolutional layers
through RLA, forming a powerful deep feature repre-
sentation. Also, ACRLoss is proposed to enable higher
inter-class separability and intra-class convergence by
incorporating angular margin constraints and class center
proximity.

• FFARD can be easily combined with current palmprint
recognition methods. Exhaustive experiments on four

palmprint benchmarks illustrate the superiority of the pro-
posed method. Additionally, ablation study confirms the
effectiveness of FFARD, RLANN architecture, ACPLoss
and parameter setting.

The remainder of this work is outlined as follows. Section II
reviews current existing techniques in the field of PROIE,
DL-based palmprint recognition and angular margin-based
loss. Section III elaborates on the proposed palmprint recog-
nition method including hand segmentation, adaptive PROIE,
RLANN and ACPLoss design. Comparative experiments and
ablation study are discussed in Section IV. Section V gives
conclusion to this work.

II. RELATED WORK

A. PROIE Methods

The groundbreaking study of Zhang et al. [9] has metic-
ulously defined the palm ROI, leading to a paradigm where
most contemporary approaches employ FVPs, to establish a
coordinate system to segment palm ROI based on empirical
parameters. To cater to the requirements of open-environment
applications, the academic sector has developed a suite of
optimization algorithms for PROIE, grounded in the guidance
information provided by these FVPs.

Izadpanahkakhk et al. [10] improved the Chatfield’s design
by including a unit with four neurons, dedicated to generating
a bounding box. This modification allowed the four parameters
that determined the center, height and width of the box to
effectively encapsulate the palm region. ELSayed et al. [11]
introduced a technique utilizing blob analysis along with
straightforward morphological and geometrical processes to
extract palm and knuckle ROI images, circumventing the
need for training or parameter tuning. The described method,
when applied to palmprint images against a black background,
greatly simplifies hand segmentation and FVPs localization.
Yan et al. [12] proposed a hand image composition method
combining ROI harmonization and palm blending. The har-
monization phase used a modified style transfer technique
based on the pretrained Contrastive Arbitrary Style Transfer
(CAST) network to adapt the attacking ROI’s appearance
to the carrier hand, achieving effective results in a few
iterations.

Genuine efforts to investigate PROIE in open environ-
ment include the approaches proposed in [5], [6], and [7].
Liang et al. [5] proposed a Keypoint Coordinate Regression
(KCR) module with an edge min-distance loss to predict
FVPs’ positions. The automatic annotation toolkit PalmKit
required manual hand skin extraction to train a binary classifier
for palm segmentation. Utilizing 14 manually annotated FVPs,
Shao et al. [6] adopted a combination of sliding widow
and regression tree for palm detection and PROIE. Through
meticulous image annotation, Zhang et al. [7] utilized Tiny-
YOLOv3 [13] for the detection of three FVPs. These points
facilitated the creation of a point pair and a palm center,
which were instrumental in establishing a coordinate system
for PROIE.

While the previous methods have achieved commendable
results, they all rely on segmenting the palm ROI after forming
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a coordinate system based on FVPs, inevitably involving
challenging manual annotation. This work seeks to address
this limitation by developing an automatic and adaptive PROIE
method that eliminates the necessity to identify FVPs.

B. DL-Based Palmprint Recognition Methods

Over the last decade, the swift evolution of DL models
has significantly advanced palmprint recognition technology,
addressing a host of challenges for practical applications
in open environment. DL methods have surpassed hand-
crafted methods to become the dominant approach in this
field.

For the cross-dataset recognition issue, Shen et al. [14]
developed a Progressive Target Distribution loss (PTD loss)
to incrementally reduce the discrepancy in the represen-
tation of palmprint samples captured by different devices,
thereby improving the compatibility and accuracy across
varying datasets. Shao and Zhong [4] focused on multi-
target cross-dataset palmprint recognition via teacher-student
feature extractors. The former captured adaptive knowledge
of source-target dataset pairs, and the latter was used to
learn adaptive knowledge from the former. Rong et al. [15]
proposed CGDNet, a whole palm-based recognition network
with a trunk branch and a part exciting branch. The GS
module enhanced global feature representation, while the CGD
module refined fine-grained features within channel groups,
using group-wise drop masks to boost feature learning and
discrimination.

For the multi-modal features fusion issue, Fei et al. [16]
proposed a unified spectrum-invariant feature representation
method, which aimed to address the problem of low accuracy
caused by different spectra of the gallery and the probe. Yang
et al. [17] proposed a coordinate-aware contrastive compet-
itive neural network (CO3Net) designed to learn multiscale
textures, with the contrastive loss employed to jointly optimize
the network, thereby enhancing the accuracy of palmprint
recognition. Zhao et al. [1] proposed TMLA RHR, a robust
hand-print recognition method using tensorized multi-view
low-rank approximation and aligned structure regression loss
for compact feature representation and reduced redundancy.

For palmprint data enhancement issue, Zhu et al. [18] pro-
posed a self-paced CycleGAN with self-attention to generate
missing training data by mining the structural correlation
among cross-device samples. Wang et al. [3] proposed a
dense hybrid attention (DHA) network for palmprint image
super-resolution (SR). The DHA network extracts high-
dimensional shallow features with a convolution layer and
jointly learns local and global features using parallel convolu-
tional neural network (CNN) and transformer-based branches.
The data scarcity in palmprint recognition research results
in insufficient fitting during DL model training. Conse-
quently, research on pseudo-palmprint generation has emerged
[19], [20]. Extensive experimental results show that syn-
thetic pre-training significantly enhances recognition model
performance.

Researchers have built upon prior work by developing meth-
ods that integrate palmprint-specific information with neural

networks, utilize multi-modal features, and generate palmprint
data to advance the field. Although these methods have
produced promising experimental results, further research is
needed to explore lightweight feature representation, network
architectures with improved learning capability, and more
efficient loss function design for easier training.

C. Angular Margin Penalty-Based Loss

Softmax loss [21], a common multi-class classification loss,
faces limitations in enhancing feature representations for veri-
fication due to the lack of constraints on class center distances.
To overcome this, angular margin penalty-based softmax loss
(LAS ) was introduced as a superior alternative, aiming for bet-
ter inter-class and intra-class distance optimization. Margin is
added to the softmax loss to learn features more discriminative.
Different works introduce different forms of margin functions.
The general LAS can be written as follows:

LAS =
1
N

X
i∈N

−log
es(cos (m1θyi+m2)−m3)

es(cos (m1θyi+m2)−m3) +
cP

j=1, j,yi

es(cos θ j)
, (1)

where N represents the total number of training samples,
while s serves as a scaling parameter for the feature space.
The feature representation of the xith sample, along with
its class label yi, is denoted by xi ∈ Rd. Furthermore, W j

corresponds to the jth column in the weight matrix of the
final fully-connected (FC) layer. m1, m2 and m3 denote the
margin penalty parameters proposed by SphereFace [22],
CosFace [23] and ArcFace [24], respectively. In SphereFace
[22], the parameters are set as m1 = α, m2 = 0 and
m3 = 0 (α 1.0), leading to a decision boundary defined by
cos(m1θyi )−cos(θ j) = 0. Contrastingly, CosFace [23] specifies
m1 = 1, m2 = 0 and m3 = α (0‘!α‘!1 − cos( π4 )), resulting in
the decision boundary cos(θyi ) − cos(θ j) − m3 = 0. ArcFace
[24] modifies the approach by setting m1 = 1, m2 = α and
m3 = 0 (0‘!α‘!1.0), which adjusts the decision boundary to
cos(θyi + m2) − cos(θ j) = 0.

The success of these loss functions has led to their variants
being effectively utilized in face recognition [25], [26], [27],
and expansion into palmprint recognition [28], showcasing
their wide-ranging influence in the field of biometrics. Our
ACPLoss incorporates an additional term to ArcFace for
improving intra-class similarity, aiming to enhance proximity
for positive samples towards their class center and reduce it
for negative samples.

III. PROPOSED METHOD

To address the challenges of palmprint recognition in open
environment, RDRLA is introduced, incorporating FFARD
and RLANN. FFARD includes hand segmentation and adap-
tive PROIE.

A. Hand Segmentation

In open environment, hand images often showcase com-
plex backgrounds and varied lighting conditions, leading
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Fig. 3. Schematic representation of the proposed hand segmentation method CHSST.

to failures in thresholding segmentation methods and pre-
senting a challenge for accurately distinguishing the hand
foreground from the background. This issue is the pri-
mary motivation behind the development of CHSST. A
flowchart illustrating the CHSST process is presented in
Figure 3.

1) Automatic Training Data Annotation: Hand segmenta-
tion aims to label pixels corresponding to the hand shape
region within the initial palmprint image. Relying on data
annotation is impractical due to the significant amount of
manual work required. Therefore, an automatic annotation
approach is introduced, which operates as described below.
• The hand images with single backgrounds from five

public palmprint datasets PolyU2D/3D1.0 [29], REST
[30], COEP [31], BJTU PalmV1 [32], NTU-CP-v1 [33]
established in well-controlled environment are merged to
be used as data basis.

• The YCbCr color space is produced through a linear
transformation of the RGB color space. Following this,
the Cr channel image is extracted from the YCbCr image.
To create binary masks, identified as B, Otsu’s method
[34] is utilized for histogram thresholding of Cr channel.
As a result, the segmented hand images with black
background are obtained by selecting the relevant pixels
from the original hand images.

• For the segmented hand images and the binary mask B,
data augmentation is explored using an affine transforma-
tion with randomly set parameter. Here, (x, y) represents
the pixel coordinates, while (x′, y′) indicates the amount
of coordinates translation corresponding to (x, y). The
transformation parameters are represented by W.�

x′

y′

�
= W

24x
y
1

35 =

�
ω11 ω12 ω13
ω21 ω22 ω23

�24x
y
1

35 . (2)

The parameters ω13 ∈ [−w
4 ,

w
4 ] and ω23 ∈ [− h

4 ,
h
4 ] denote

the horizontal and vertical translation pixels of each
image, respectively. w and h separately indicate the width
and the height of a hand image. The rotation angle θ and
the constant parameter q are set to [−π, π] and [0.5, 1.5],
respectively. The relationship of ω11, ω12, ω21 and ω22
can be formulated as follows.

ω11 = ω22 = q cos θ,
ω12 = −q sin θ,
ω21 = q sin θ. (3)

• Following data augmentation, background images are
randomly chosen from PASCAL VOC 2012 dataset [35]
and combined with the segmented hand images to create
new images featuring intricate backgrounds. These binary
masks and the newly synthesized hand images serve
as labels and training data, respectively, for the hand
segmentation network. Specifically, the test data com-
prises the hand images captured in complex environments
sourced from public palmprint datasets.

2) CHSST: Vision Transformers (ViTs) rapidly became the
leading model for image classification, surpassing ConvNets
as the top choice in the 2020s [36]. To address the high
computational cost of ViTs, we employ the lightweight Top-
Former [37], a ViT Token Pyramid Vision Transformer, which
delivers better performance than MobileNets [38] with reduced
latency for the hand segmentation task. To strike a balance
between model complexity and inference efficiency, as well
as to address the issue of diminished network feature learning
ability due to the simplification of the attention computation
operation, we substitute the Multi-Head Attention module
in TopFormer with the squeeze-enhanced Axial Transformer
(SeaFormer) layer [39]. CHSST is the first hand segmentation
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Fig. 4. Schematic illustration of SeaFormer Layer.

method specifically designed for open-environment palmprint
recognition. Without it, extracting hand information from a
complex background becomes extremely challenging, ren-
dering the subsequent PROIE infeasible. As a result, other
palmprint recognition methods cannot effectively function for
comparison purpose.

• The Token Pyramid Module takes a hand image as input
and generates a token pyramid with dimensions 7×7×384.
Within this module, the output of each scale block is
treated as a raw token. The raw tokens are then combined
to create scale-aware Tokens following a down-sampling
operation.

• ViT is adopted as a semantic extractor, considering the
token pyramid as input to produce scale-aware semantics.
Subsequently, these semantics are injected into tokens of
the corresponding scale to enhance the representation, a
process facilitated by the Semantics Injection Module.
Notably, global semantics are derived from the ViT-
extracted semantics and are up-sampled to match the
dimensions of the corresponding raw tokens.

• As for SeaFormer Layer (refer to Figure 4), in the
Squeeze Axial Attention (SAA) module, by performing
a linear mapping on the original feature maps, three
tensors q ∈ RH×W×Cqk , k ∈ RH×W×Cqk and v ∈ RH×W×Cv

can be obtained. Squeezing q horizontally and vertically
yields qhor and qver, respectively. Similarly, khor ∈ R

H×Cqk

and kver ∈ R
W×Cqk , as well as vhor ∈ RH×Cv and

vver ∈ R
W×Cv , can be obtained in the same manner.

The Detail Enhancement Kernel (DEK) module with
a structure comprising a 3 × 3 depth-wise separable
convolution (DW Conv), a batch normalization (BN),
a ReLU6 activation, a 1 × 1 convolution (Conv), and
a BN layer to refine spatial details. The final output
of SeaFormer is derived by merging DEK’s processed
feature map with SAA’s output via the Hadamard prod-
uct, ensuring global information retention and local detail
enhancement.

• In Semantic Injection Module (refer to Figure 5), the
raw tokens denoted as T = [T1,T2,T3,T4] undergo
processing through a 1 × 1 Conv layer and a BN layer.
Simultaneously, global semantics are processed using a
1×1 Conv layer, a BN layer and Sigmoid activation. The
raw tokens and global semantics are then operated via
Hadamard product and element-wise adding to generate
the output map.

Fig. 5. The architecture of Semantic Injection Module.

Fig. 6. The architecture of Segmentation Head.

• The augmented token pyramid is employed by the
Segmentation Head for hand segmentation. In the Seg-
mentation Head (refer to Figure 6), the outputs of the
Semantic Injection Modules are up-sampled to a consis-
tent scale of w

4 ×
h
4 and aggregated through element-wise

summation. Subsequently, the feature map undergoes a
series of transformations, including a 1 × 1 Conv layer,
a BN layer, a ReLU6 layer [40] and another 1 × 1 Conv
layer, resulting in the generation of a segmentation output
with dimensions w

4 ×
h
4 × 2.

• The ‘2’ channels represent two probability values, sig-
nifying whether pixels belong to the hand region or
the background. The binary mask B is derived through
up-sampling to dimensions w × h, where the class label
corresponding to the higher probability value is assigned
as the predicted class for each pixel. The RGB hand image
against black background can be generated by considering
the pixel correspondence between the original hand image
with a complex background and the binary image. Binary
Cross-Entropy (BCE) Loss [41] is used as loss function
for training, which can be expressed as

LBCE(a, â) = −(alog(â) + (1 − a)log(1 − â)), (4)

where a is the true value and â is the predicted value by
the Segmentation Head.

B. Adaptive PROIE

In open environment, hands often assume various poses,
with fingers not necessarily always spread apart and may
sometimes be close together. Consequently, the rotation angles
of the palms vary, making it challenging for traditional FVPs
localization methods to achieve satisfactory PROIE. To tackle
this issue, we propose promising methods for palm alignment
and ROI detection. Here, the hand images with single back-
grounds from PolyU2D/3D1.0 [29], REST [30], COEP [31],
CASIA [42], CASIA-MS-PalmprintV1 [43] and NTU-CP-v1
[33] are merged to be used as data basis.
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Fig. 7. Schematic representation of palm alignment and ROI detection.

Fig. 8. Fingers closed together and missing palm pixels result in the absence
of PA and PB.

1) Rotation Angle Learning-Based Palm Alignment: Fig-
ure 3 illustrates that by applying histogram thresholding, the
segmented images of hands against a black background are
produced, sized at 128 × 128 × 3. As shown in Figure 7,
the hand’s largest inscribed circle, located in the palm area,
is identified by its center PC(x0, y0) and a radius of r. A
larger circle, with a radius of 1.85r, is then drawn, intersecting
with the hand’s finger segments. This circle meets the finger
section at its fourth and fifth points from the left in the hand
image’s upper section, labeled as PA and PB, respectively. The
midpoint between PA and PB is defined as PM . Following this,
the angle θ is calculated between line PC PM and the vertical
y-axis, allowing for the palm region to be rotated around PC

by θ for alignment.
However, when high degrees of freedom in image capture

cause fingers to come together or missing pixels in the palm,
these intersections may fail to materialize. (refer to Figure 8),
complicating the identification of PA and PB due to significant
rotation or missing fingers. To overcome these issues, the palm
alignment network (PalmAlNet) is introduced to predict the
rotation angle needed to orient the input hand image around a
given center point based on the center point heatmap. For test
images, the center point is the center of the largest inscribed
circle within the corresponding binary image.

PalmAlNet incorporates the initial three blocks of the
VGG16 model, a 1 × 1 Conv layer paired with a ReLU layer,
a layer to flatten the data, and a FC layer. The Mean Absolute
Error (MAE) metric evaluates the discrepancy between the
input angle θ and PalmAlNet’s output. Initially, the hand
image with black background is converted to a grayscale image
for processing. Then, a center point heatmap H showing the
rotation center is generated by

H(x, y) = exp
�
−

(x − x0)2 + (y − y0)2

2σ2

�
, (5)

where H(x, y) means the intensity value of the heatmap
at coordinate (x, y), and the variance σ is set to 2. The
training data consists of a grayscale hand image merged with
a heatmap, where the target variable is the rotation angle.
The network predicts the rotation angle by scaling its output
using a tanh function and a linear mapping to fit within the
range (−π, π). This predicted angle is then applied to adjust
the orientation of test hand images. For data augmentation,
the method employs rotations and cropping adjustments. Each
hand image undergoes a single rotation by a random integer
degree from 0 to 360. Post-rotation, the cropped image’s side
length is determined by a random factor between 0.7 and
1, relative to the original image’s dimensions. Additionally,
the positions of PA, PB, PC , and the angle θ are modified
in accordance with these transformations. The heatmap used
during training is generated by the transformed PC .

2) Adaptive ROI Detection With Constraints: We com-
pute the distance from each pixel within the hand region
to the closest zero pixel, resulting in the distance matrix
Dc ∈ R

w×h with w and h representing the hand image’s width
and height, respectively. The center of the largest inscribed
circle, PC(x0, y0), with a radius r = max(Dc) is identified
by PC = argmaxi, j(Dc(i, j)). In well-controlled environment,
PC is considered the ideal palm center. In the context of
civil and commercial purposes, even when participants are
cooperative, contactless hand positioning often results in a
tilted angle. This tilt can cause the lower part of the palm
to appear enlarged in some cases, while in others, the upper
part may be more pronounced (as depicted in Figure 7
regarding the Maximum inscribed circle). To tackle this vari-
ability, the adaptive detection with constraints is proposed,
facilitating data augmentation within a predetermined square
ROI.
• In certain images, the circular ROI centered at PC(x0, y0)

might be positioned lower than anticipated, which could
result in the omission of crucial details and unnecessary
noise. A direct comparison illustrating the differences
between utilizing the largest inscribed circle and applying
an inscribed circle with specific constraints is provided
in Figure 7. Initially, we determine a set of acceptable
regions S = {(xi, yi) | Dc(xi, yi)} > t1r, with t1 being an
empirically determined threshold set at 0.85. Within this
acceptable region, pixel values are assigned a value of 1,
while all other pixels are designated a value of 0.
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• Within S, the distance from each nonzero pixel to the
closest zero pixel is calculated, resulting in the distance
matrix Ds. To refine the feasible region further, we derive
S ′ by

S ′ = S ∩ T, (6)
T = {(xi, yi) | ‖(xi, yi) − (x0, y0)‖2 > Ds(x0, y0)},
yi >= y0.

The center of S ′ is indicated by P′C(x′0, y
′
0), with its radius

determined through the expression t2Dc(x′0, y
′
0).

• The hand image is rotated around its center, P′C(x′0, y
′
0),

at angle intervals of α, within the range from −γ to γ.
Following each rotation, we select the largest rectangle
that can be inscribed within the rotated image, ensuring
its edges are parallel to the coordinate axes, to define
our square ROI with a side length LR, which are then
used for training the recognition model RLANN. This
process, iterating through the specified angle range, gen-
erates 2γ

α
augmented data samples. It can be observed

that a single palmprint image generates multiple palm
ROI images, leading to data augmentation. This process
helps enhance the training performance of the recognition
model RLANN. The values for t2, α, and γ are set at 1.1,
3, and 30, respectively, for these operations.

C. RLANN

1) Architecture Design of RLANN: Layer aggregation stud-
ies network designs for feature reuse, exemplified by DenseNet
[44]. Dense connections lead to a quadratic increase in param-
eters, causing redundancy and limiting information storage
[45]. A lightweight RLA module with fewer parameters is
introduced, using recurrent connections to maintain a depth-
independent parameter count [46], which can be added to
existing CNNs for better feature extraction.

Indeed, as palmprint feature maps traverse the network,
they tend to blur rapidly. But creating inter-layer connections
within the network significantly boosts its capacity for feature
learning [47]. Leveraging information aggregated from earlier
layers emerges as a logical strategy. Motivated by this insight,
RLANN has been crafted to excel in learning palmprint
features, with its structure detailed in Table I. Where, LRN
represents the local response normalization operation, and
Maxpool represents Max Pooling operation.

The RLA module’s structure is illustrated in Figure 9, with
the specifics of the RLA unit and efficient channel attention
(ECA) block. The RLA mechanism applied in this study is
characterized by

ht = gt(ht−1, xt−1),

xt = f t(ht−1, xt−1), (7)

where ht represents the recurrently aggregated information
up to (t − 1)th layer, and xt represents the main features
learned by (t − 1)th layer. f t represents ResNet bottleneck
with ECA mechanism [48]. The recurrent unit, denoted as
gt, functions analogously to a recurrent neural network by
accumulating information over time. Moreover, implementing

TABLE I
THE ARCHITECTURE OF RLANN

Fig. 9. Schematic diagram of RLA module.

weight sharing within these modules can serve as a regular-
ization mechanism for layer aggregation.

The initial hidden state of the RLA, h0, starts at 0. RLANN
is segmented into four distinct stages, classified according
to the resolution of the feature maps. Within each stage,
the Conv layer weights in the RLA unit are reused across
all RLA modules. To adjust the spatial dimensions of the
RLA hidden state across different stages, average pooling is
employed. Ultimately, the 32-dimensional RLA hidden state is
merged with the 1024-dimensional feature map from the main
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Fig. 10. Visual impact of Wspatial across two distinct inputs.

pathway, forming a unified input for RLABlk 4. A dropout
operation with a rate of 0.4 is applied after RLABlk 4.

CNNs function as a series of filters across channel dimen-
sion, crucial for processing palmprint images affected by
environmental variations. Not every filter is equally effective
for all images, hence the channel-wise attention mechanisms
is necessary. These mechanisms dynamically adjust channel
feature weights, essentially prioritizing features from the most
effective filters, thus enhancing focus on significant features
and diminishing the less relevant ones. Therefore, ECA Block
is adopted as the structure on the main learning path.

Global Average Pooling (GAP), preferred for its simplicity
and lack of parameters, is ill-suited for palmprint recogni-
tion due to its low spatial sensitivity. Recognizing the need
for heightened focus on crucial palmprint regions, we cre-
atively propose Spatial Self-Attentive Pooling (SSAP) used in
RLABlk 4. This method transforms the final RLA module’s
feature map, X f inal ∈ R

8×8×1056, into a flattened format,
X f latten ∈ R

64×1056, treating each pixel as an individual feature
token. Spatial weights are then calculated to enhance feature
extraction,

Wspatial = rescale
�

softmax
�

QKT

√
dk

��
, (8)

where Q and K denote query and key vectors, respectively,
both projected linearly from X f latten, preserving the same
spatial dimensions. The variance in QKT is captured by dk,
drawing inspiration from Scaled Dot-Product Attention [49].
This weighting method not only analyzes individual pixel data
but also their interrelations, enabling RLANN to adapt its
focus per instance. Spatial weights, Wspatial, resized to 8 × 8,
multiplying by X f inal to form a weighted map. Subsequently,
a 8×8.2D convolution with 512 filters creates the final vector.
Despite Wspatial offering instance-specific spatial emphasis,
the final convolution layer is essential to globally weights
different regions. Figure 10 shows SSAP’s role on fostering
discriminative learning. The texture regions that significantly
impact the discriminative results vary across different input
images, each having a distinct high weight.

2) ACPLoss Design: Combination of angular margin
penalty-based Loss and metric-based loss can effectively
enhance recognition accuracy [14]. Driven by this, ACPLoss
is proposed for RLANN training, which can be expressed as

LACP = LAS ′ + λLCP. (9)

Equation (1) provides the formula for LAS , wherein the
parameters m1, m2, and m3 within LAS are individually
assigned values of 1, m, and 0, respectively, to formulate LAS ′ .

Fig. 11. Illustrate of the sample-to-class similarities learned from normalized
softmax loss, marginal softmax loss, and ACPLoss.

In computing LAS ′ for a given xi, it’s possible to determine
the angles θ j between xi and each W j. An angular penalty
margin m is applied to the angle between deep features and
corresponding weights to adjust the decision boundary nearer
to the class center Wyi . This margin enhances similarity within
classes and reduces similarity between different classes.

LAS ′ =
1
N

X
i∈N

−log
es(cos(θyi+m))

es(cos(θyi+m)) +
cP

j=1, j,yi

es cos(θ j)
. (10)

However, LAS ′ aims to maximize angular similarity between
each training sample and its own class center, it does not
explicitly constrain that all the positive sample-to-class simi-
larities are larger than all negative sample-to-class similarities,
as highlighted by [27].

Consider two samples, x1 and x2, from class a with center
Wa, and another class center Wb. While optimizing LAS ′

ensures θ1,a < θ1,b and θ2,a < θ2,b, it’s possible that θ1,a > θ2,b,
as depicted in Figure 11. This implies that the discriminative
capability of features refined by LAS ′ might be insufficient
for classification during testing. We introduce LCP to draw
samples nearer to their class centers, thereby improving the
training methodology and boosting intra-class cohesion.

LCP =
1
N

NX
i=1

max(0, θβyi
− θ

β
t ), (11)

where as the distance from the class center increases, sam-
ples further away are assigned a greater weight through the
hyper-parameter β. A margin value, θt, is utilized to prevent
excessive compression of sample distribution in the feature
space, which helps in avoiding over-fitting throughout the
training of the model. The value of β is established at 1.5, and
θt is dynamically determined using the Exponential Moving
Average (EMA) method [50],

θ(k)
t = αθ(k)

r + (1 − α)θ(k)
t , (12)

where θ(k)
t represents the iteration-specific value of θt during

the kth training cycle. The term θ(k)
r = 1

N

PN
i θyi calculates the

mean angle between positive samples and their class center in
the kth batch. The momentum parameter α, assigned a value of
0.99, influences this calculation. By adjusting λ appropriately,
the ability of deep features to distinguish between classes can
be greatly improved.

Authorized licensed use limited to: Harbin Institute of Technology. Downloaded on October 31,2025 at 02:52:18 UTC from IEEE Xplore.  Restrictions apply. 



CHAI et al.: JOINT FINGER VALLEY POINTS-FREE ROI DETECTION AND RECURRENT LAYER AGGREGATION 429

TABLE II
AN OVERVIEW OF THE CONSIDERED PALMPRINT DATASETS

IV. EXPERIMENTS AND ANALYSIS

This section offers an overview of considered public palm-
print datasets and outlines a structured evaluation method. In
the close-set paradigm, for datasets with two sessions, the first
is used for training and the second for testing. Single-session
datasets are split in half by class, assigning extra images to
training if necessary. Training uses the first set of images,
and testing uses the latter. In the open-set paradigm, classes
are equally divided for training and testing, with extra classes
added to training if the count is odd.

Left palms are mirrored to simulate right palms, treating
each hand as a separate class. Training leverages the Adam
optimizer (momentum of 0.9, weight decay of 1e−4), with a
batch size of 32. Learning rates for hand segmentation, and
RLANN are set at 5e−4, and 1e−4, respectively. For assessing
identification results, Rank-1 accuracy and Cumulative Match
Characteristic (CMC) curve are utilized, where higher values
indicate better performance. Conversely, Equal Error Rate
(EER) and Receiver Operating Characteristic (ROC) curve
are used for evaluating verification results, with lower values
denoting improved accuracy.

Experiments were conducted on a system equipped with
an Intel(R) Core(TM) i7-9700K CPU, 16GB RAM, and an
NVIDIA Quadro GV100 32GB GPU. We optimized the model
and data pipelines to enhance hardware efficiency. Through
extensive preliminary experiments, a batch size of 32 was
identified as optimal for the hardware configuration. The data
pre-processing pipeline was streamlined with on-the-fly aug-
mentation techniques, including random cropping, contrast and
brightness adjustments, and Gaussian blur, reducing storage
overhead and accelerating training. Additionally, mixed preci-
sion training was employed to fully utilize GPU capabilities,
significantly reducing computational demands and training
time.

A. The Used Public Palmprint Datasets

Total eleven palmprint datasets were selected for differ-
ent purposes: PolyU2D/3D1.0 [29], REST [30], COEP [31],
CASIA [42], CASIA-MS-PalmprintV1 [43], BJTU PalmV1
[32], NTU-CP-v1 [33], HIT-NIST-V1 [51], MPD [7], IITD
[52], and BJTU PalmV2 [32]. The PROIE task including

CHSST and rotation angle regression, used the first seven
datasets, while the palmprint recognition task utilized the latter
four.

The first seven datasets were created in well-controlled
environments with single backgrounds, uniform illumination,
and similar hand postures, making them suitable for automated
learning of hand shape features. In contrast, HIT-NIST-V1
[51], MPD [7], and BJTU PalmV2 [32] were developed
in open environments with complex backgrounds, varying
illumination, and diverse hand postures, making them ideal for
validating the effectiveness of palmprint recognition methods.

Although the IITD dataset [52] was established in a
controlled environment, it features significant variations in
lighting conditions, hand scales, and hand postures, along
with ornaments such as rings on fingers, adding complexity
similar to the latter group, making it also suitable for palm-
print recognition experiments. Besides, only 2D images from
PolyU2D/3D1.0 dataset were employed in this work. Table II
outlines the datasets’ details, with ‘Tr’ and ‘Ts’ denoting
‘Training’ and ‘Test’, respectively, and ‘−’ indicating datasets
exclusively used for PROIE.

B. Palmprint Recognition Experiments

This section presents the performance evaluation of the
proposed method, RDRLA, against both hand-crafted and
DL approaches. The hand-crafted approaches such as HOL
[53], LLDP [54], CR CompCode [8], LSIR [16], and DL
approaches like CGDNet [15], PalmNet [55], FERnet [33],
CompNet [56], CCNet [57]. The comparative results, show-
cased in Table III and Table IV, stem from our own
experiments, conducted under the parameters reported in the
original studies for a fair assessment. The palmprint recogni-
tion experiments here are all based on the proposed PROIE
method FFARD. The tables highlight the best performance in
bold and the second-best in underline.

After RLANN is trained properly, the last ‘FC’ layer is
removed for testing. For the identification task, cosine sim-
ilarity is measured between each test image and all training
images. The label of the image with the highest similarity is
assigned to the test image. A correct classification occurs if
the predicted label matches the ground truth label. For the
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TABLE III
COMPARISON OF RANK-1 ACCURACY AND EER FOR CLOSE-SET

ISSUE USING THE PROPOSED PROIE METHOD FFARD (%)

TABLE IV

COMPARISON OF RANK-1 ACCURACY AND EER FOR OPEN-SET
ISSUE USING THE PROPOSED PROIE METHOD FFARD (%)

verification task, cosine similarity is calculated between any
two test images with the same ground truth labels.

1) Close-Set Palmprint Recognition: Close-set issue usu-
ally indicates the same classes for classification in the source
set and target set. Table III presents the Rank-1 accuracy and
EER for RDRLA and the comparison methods in a close-
set paradigm. Figure 12 and Figure 13 illustrate the CMC
and ROC curves, respectively, highlighting close-set palm-
print recognition analysis. Overall, RDRLA surpasses both
hand-crafted and DL methods, achieving the highest Rank-
1 accuracy values of 95.48%, 98.77%, 88.43%, and 95.24%
on HIT-NIST-V1, IITD, MPD, and BJTU PalmV2 datasets,
respectively. It also records the lowest EER values of 1.51%,
0.54% 5.16%, and 1.37% on HIT-NIST-V1, IITD, MPD,
and BJTU PalmV2 datasets, respectively, demonstrating a
significant performance improvement and establishing a new
benchmark for palmprint biometric recognition. The CMC
and ROC curves further verify the superior performance of
RDRLA in palmprint recognition.

2) Open-Set Palmprint Recognition: Unlike close-set issue,
open-set recognition involves a target set with few or no
overlapping classes with the source. While the open-set testing
procedure is similar to close-set testing, the key distinction is
that the gallery set is comprised of different classes rather than
the test set.

Table IV details Rank-1 accuracy and EER for RDRLA and
the comparison methods in the open-set paradigm. Figure 14
and Figure 15 show the CMC and ROC curves corresponding
to the considered datasets for comparison and analysis. As
shown in Table IV, RDRLA achieves the best identification

TABLE V

COMPARISON OF COMPUTATIONAL COMPLEXITY AMONG DEEP
PALMPRINT RECOGNITION MODELS

performance, achieving Rank-1 accuracy values of 94.29%,
99.15%, 99.62%, and 95.50% on the HIT-NIST-V1, IITD,
MPD, and BJTU PalmV2 datasets, respectively. In the case
of verification, RDRLA also has the best performance with the
lowest EER values of 8.43%, 1.53%, and 6.13% on HIT-NIST-
V1, IITD, and MPD datasets, respectively, and a competitive
second-best performance on BJTU PalmV2 dataset. RDRLA
remains the best performing solution for open-set palmprint
recognition. CMC and ROC curves demonstrate the consistent
superior performance for the majority of TPR and FPR values.

3) Comparison of Computational Complexity: The pri-
mary objective of palmprint recognition is to achieve high
individual recognition accuracy. However, considering the
practical requirements of experimental applications, it is
equally important to account for computational complexity
and memory efficiency during model design. To strike a bal-
ance between optimal recognition performance and resource
constraints, RLANN incorporates techniques such as Max
pooling, dropout, weight sharing, and on-the-fly data augmen-
tation.

To facilitate a fair comparative analysis, we compare the
computational complexity of RLANN with other deep palm-
print recognition models. As shown in Table V, the proposed
method delivers optimal palmprint recognition performance
while keeping computational complexity, training speed, and
inference speed within acceptable bounds.

C. Ablation Study

As mentioned in Section III-C2, the ACPLoss, the parameter
λ as well as the SSAP plays an important role on the perfor-
mance. This section presents ablation studies to investigate the
effects of these factors on the experimental results.

1) Effect of the Proposed PROIE Method.: Table VI and
Table VII demonstrate that, using traditional FVPs-based
PROIE methods, our proposed RLANN consistently outper-
forms in terms of palmprint recognition for both close-set and
open-set scenarios. However, a comparison with the results in
Table III and Table IV reveals a minor decrease in accuracy
and an increase in EER, aligning with our theoretical expecta-
tions. Unlike traditional methods, FFARD offers an automatic
and adaptive approach for ROI detection that does not require
manual annotation or FVPs localization. Although there is a
slight performance drop, the ability to detect ROI without
FVPs holds substantial value for the practical deployment
of palmprint recognition in open environment, as evidenced
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Fig. 12. CMC curves under close-set evaluation criterion.

Fig. 13. ROC curves under close-set evaluation criterion.

Fig. 14. CMC curves under open-set evaluation criterion.

Fig. 15. ROC curves under open-set evaluation criterion.

TABLE VI

COMPARISON OF RANK-1 ACCURACY AND EER FOR CLOSE-SET ISSUE
USING TRADITIONAL FVPS-BASED PROIE METHOD (%)

by our experimental outcomes which often see improvements
with human involvement adjustments.

2) Effect of the RLANN’s Architecture Design: To high-
light the advantages of RLANN, we conducted a comparison
among the proposed ResBNeck+ECA+RLA architecture and

other configurations: ResNet bottleneck (ResBNeck), ResB-
Neck+ECA, and ResBNeck+RLA. According to Table VIII,
our designed architecture consistently delivers superior per-
formance, with ResBNeck+RLA ranking as the second
best across all tests. This underscores the critical con-
tribution of the RLA module to palmprint recognition
effectiveness.

3) Effect of the RLABlk 4 Design: To demonstrate the
efficacy of the RLABlk 4 design, we first conducted a com-
parative analysis of normalization operations, including LRN,
w/o normalization, BN, and Layer Normalization (LN), as
detailed in Table IX. While BN is widely adopted in mod-
ern architectures, our specific application and experimental
observations justify the use of LRN for its unique advantages
in palmprint recognition. The choice was validated through
empirical comparisons, ensuring it aligns with the model’s
performance and efficiency requirements.

Furthermore, we conducted a comparative analysis of
different flattening layer configurations, including Conv,
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TABLE VII

COMPARISON OF RANK-1 ACCURACY AND EER FOR OPEN-SET ISSUE
USING TRADITIONAL FVPS-BASED PROIE METHOD (%)

TABLE VIII

THE EFFECT OF THE RLANN ARCHITECTURE DESIGN (%)

TABLE IX
THE EFFECT OF NORMALIZATION OPERATION IN RLABLK 4 (%)

GAP, Global Depthwise Convolution (GDC), SSAP+GDC,
SSAP+GAP, SSAP+Conv. The results, presented in Table X,
demonstrate that our proposed architecture (SSAP+Conv) con-
sistently outperforms the alternatives across most scenarios.
These findings highlight the effectiveness of the proposed
SSAP mechanism in significantly enhancing palmprint recog-
nition performance.

4) Effect of Max Pooling Operation in RLANN.: To validate
the superior performance of Max pooling over alternative
downsampling operations, we conducted a comprehensive
comparison against w/o pooling, Average pooling, Stochastic
pooling [58], and Conv2d (stride=2). As presented in Table XI,
the results highlight the distinct advantages of Max pooling in
enhancing palmprint recognition performance.

Max pooling compresses the spatial dimensions of feature
maps by selecting the maximum value within local regions,
effectively retaining critical information while discarding irrel-
evant details. Furthermore, it enhances robustness against noise
introduced by variations in lighting, skin texture, and capture
conditions, while providing translation invariance, enabling
the model to effectively manage slight positional shifts during

TABLE X
THE EFFECT OF FLATTENING LAYER IN RLABLK 4 (%)

TABLE XI
THE EFFECT OF DOWNSAMPLING OPERATION IN

THE SECOND LAYER OF RLANN (%)

acquisition. Additionally, max pooling indirectly increases the
network’s receptive field, facilitating the capture of broader
contextual information, and significantly reduces computa-
tional complexity.

5) Effect of the Loss Function: ACPLoss with m = 0.65
and λ = 3e−3 is evaluated against Cross Entropy, ArcFace
Loss [24] with m = 0.65 and s = 64, CurricularFace Loss
(LAS ′ ) [25] with m = 0.65 and s = 64, and C-LMCL [28] with
m = 0.65 and s = 48. Table XII clearly shows that RDRLA
performs relatively stable behavior and superior performance
on the considered datasets, with Cross Entropy and ArcFace
Loss showing the worst performing methods.

6) Effect of the Parameter λ of ACPLoss.: Table XIII
demonstrates how varying λ values influence feature space
distributions. As for close-set setting, an increase in λ from
0 to 3e−3 boosts Rank-1 accuracy from 95.14% to 95.48%
on HIT-NIST-V1 dataset and from 88.21% to 88.43% on
MPD dataset, while EER decreases from 1.54% to 1.51%
on HIT-NIST-V1 dataset and from 7.19% to 5.16% on MPD
dataset. As for open-set setting, an increase in λ from 0 to
3e−3 leads to Rank-1 accuracy improvements from 99.38%
to 99.62% on MPD dataset and from 95.34% to 95.50% on
BJTU PlamV2 dataset, while EER decreases from 6.40%
to 6.13% on MPD dataset and from 8.76% to 6.84% on
BJTU PlamV2 dataset. However, a too large λ value (e.g.,
λ = 1e−1) causes a noticeable performance degradation,
although it may yield superior open-set Rank-1 accuracy on
HIT-NIST-V1 dataset. Considering overall performance across
different datasets, λ = 3e−3 emerges as the optimal setting.
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TABLE XII
THE EFFECT OF LOSS FUNCTION (%)

TABLE XIII
THE EFFECT OF λ OF ACPLOSS (%)

V. CONCLUSION

In this study, we introduce RDRLA to tackle the pri-
mary challenges of PROIE and palmprint recognition in open
environment, marking a departure from previous efforts with
the first-ever proposal of a FVPs-free PROIE method. This
method adeptly addresses the issue of FVPs occlusion, which
arises from the high degree of freedom in contactless acquisi-
tion. Specifically, CHSST is leveraged for hand segmentation,
enhancing its performance through the integration of publicly
available palmprint datasets from closed environments. Pal-
mAlNet is developed to standardize hand orientation, while
an adaptive PROIE method (FFARD) based on maximum
inscribed circle searching with constraints is introduced. Addi-
tionally, RLANN is investigated to achieve outperforming
close-set and open-set palmprint recognition results, thereby
establishing a new baseline for the biometrics community. The
effectiveness of RDRLA is demonstrated through comparative
or superior results on public datasets such as HIT-NIST-V1,
IITD, MPD, and BJTU PalmV2, showcasing its potential
against SOTA methods.

Future work will focus on extending the proposed method
RDRLA to other biometric modalities, enhancing its versatility
and impact. To better meet practical application requirements,
the model will be further optimized to reduce complexity, cre-
ating a more lightweight structure. This optimization aims to
shorten training time and improve inference speed. Moreover,

controllable image generation algorithms will be investigated
for palmprint dataset augmentation, further enhancing the
model’s performance in palmprint recognition.
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