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ABSTRACT

To address the performance degradation of finger identification systems caused by longitudinal rotation during contactless finger
image acquisition, this paper proposes a novel pose-robust finger identification framework integrating mutual region extraction,
minimum convolution point feature learning, and weighted score fusion. Specifically, longitudinal rotation of fingers easily leads
to inconsistent imaging regions and non-rigid deformations, which severely undermine the stability of feature matching. To tackle
these challenges, we propose a three-stage framework: First, a mutual region extraction strategy is proposed to adaptively
align inconsistent imaging areas via vertical gradient calculation and minimum distance metric, effectively eliminating content
discrepancies caused by longitudinal rotation. Second, a minimum convolution point feature learning module is designed
to model non-linear correlations between cross-regional features, coupled with a deformation-aware matching algorithm to
enhance robustness against finger deformation, mitigating the adverse impact of pose variations. Finally, a weighted score
fusion method is introduced to integrate matching results from minimum convolution point features and Uniform Local Binary
Pattern(LBP) features, fully exploiting the complementary information between structural and texture features. Extensive
experiments are conducted on four public datasets, SDUMLA_HMT, MMCBNU_6000, FV-USM, and LFMB-3DFB, and the
results demonstrate that the proposed method achieves state-of-the-art (SOTA) performance in terms of recognition accuracy
and robustness against longitudinal rotation and finger deformation.

Introduction

Driven by the increasing demand for secure and reliable identification systems, biometrics' has gained growing attention and
become a pivotal research area in security technology. A variety of biometric traits can be utilized for identity recognition,
including facial traits such as face, iris, ear, voiceprint, etc.; and hand-based traits such as fingerprint, finger vein, palmprint,
palm vein, etc.. From the perspective of security and discriminability, these biometric characteristics can be categorized
into extrinsic and intrinsic types: Extrinsic features(e.g., face?, iris’, fingerprint*, palmprint’) are surface-visible traits with
rich discriminative information but are vulnerable to forgery; intrinsic features (e.g., finger vein®, palm vein’) are internal
biological structures and textures that are extremely difficult to forge without specialized equipment, though their individual
discriminability is relatively limited®. Therefore, fusing extrinsic and intrinsic features can complement their advantages and
overcome limitations, simultaneously enhancing the accuracy and security of biometric systems.

Among various biometric traits, finger-based features (e.g., fingerprint, finger vein) are more suitable for compact acquisition
devices compared to other traits, making them ideal for mobile and portable applications”. Therefore, this paper focuses on finger
biometrics, specifically combining intrinsic finger vein features and extrinsic contactless fingerprint features. However, finger-
based biometric recognition faces significant challenges due to the inherent flexibility of fingers, which leads to unavoidable
pose variations during contactless capture, Among these pose variations, longitudinal rotation is the most detrimental factor,
causing inconsistent imaging regions between multiple captures of the same finger and inducing non-rigid deformation of finger
tissues, resulting in image misalignment, loss of discriminative information, and ultimately reduced feature matching stability.

We model the finger as an ellipsoid to simplify the analysis of spatial pose changes. In contactless acquisition scenarios,
unstable finger placement easily induces variations in the projected images. As observed from Figure 1(a) and (b), longitudinal
rotation results in significant content inconsistency between consecutive captures of the same finger, with partial regional
information missing or misaligned. Meanwhile, the flexibility of finger tissues leads to inevitable deformation under spatial



a) before rotation b) after rotation

Figure 1. Finger model and the imaging plane under longitudinal rotation.

rotation, which distorts both finger vein and contactless fingerprint. Consequently, inconsistent imaging regions and finger
deformation caused by longitudinal rotation are the primary bottlenecks restricting the performance of finger identification
systems.

To address the above challenges, this paper proposes a novel pose-robust finger identification framework that effectively
integrates mutual region extraction, minimum convolution point feature learning, and weighted score fusion. The frame-
work systematically solves the problems of inconsistent imaging regions, deformation sensitivity, and insufficient feature
complementarity. The main contributions of this work are summarized as follows:

* A mutual region extraction strategy is proposed to align pose-varying finger images by calculating vertical gradients
and minimum distance metrics. This strategy adaptively segments overlapping and discriminative regions from images
captured under different poses, effectively eliminating content discrepancies caused by longitudinal rotation and laying a
reliable foundation for subsequent feature learning.

* A minimum convolution point feature learning module is designed to detect nonlinear structural features of finger images.
Combined with a deformation-aware matching algorithm, this module enhances the system’s tolerance to non-rigid finger
deformation, further mitigating the adverse impact of pose variations on feature matching.

* A weighted score fusion scheme that fuse minimum convolution point features and Uniform LBP features is proposed.
The minimum convolution point features focus on structural information, while Uniform LBP features excel at texture de-
scription; the weighted fusion strategy fully exploits the complementary advantages of the two feature types, significantly
improving the system’s identity discriminability and generalizability to complex practical scenarios.

Related Works

Finger-based biometric traits mainly consist of fingerprint and finger vein. Fingerprint features can be primarily categorized
into local features and global features. Specifically, local features are capable of describing the fine-grained characteristics
of fingerprints, which mainly refer to detailed feature representations such as ridge direction and ridge continuity, including
endpoints, breakpoints, bridge points, bifurcations, and so on'?. In contrast, global features describe the overall characteristic
information of fingerprints, covering ridge pattern, pattern area, core point, delta point, and ridge count!'.Compared with
fingerprints with abundant information, finger veins contain few texture and structural information. The feature extraction
methods for finger images can be roughly divided into four categories: geometry-based methods, subspace learning-based
methods, statistical-based methods, and local invariant feature-based methods. Geometry-based methods distinguish finger
images of different users mainly through geometric features such as finger shape and texture topology of fingerprints and finger
veins, which can be further divided into local geometry methods'? and global topology methods'*'#. Subspace learning-based
methods reduce the high-dimensional image data to a low-dimensional space by means of machine learning, and then perform
matching using the matching scores of feature vectors between images in the low-dimensional feature subspace' '°. Statistical-
based methods construct the feature descriptor of an image by summarizing the grayscale variation information of the finger
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image through statistical analysis'”'®. Local invariant feature-based methods adopt feature points extracted by scale-invariant
feature algorithms such as SIFT as the feature descriptors of finger images'®.

Researchers have also attempted to combine the finger feature information obtained based on feature engineering with deep
learning, thereby giving full play to the advantages of both methods. Considering the excellent feature extraction performance
of neural networks, Cao et al.?? utilized neural networks to extract the description information of fingerprint ridges and minutiae,
and then performed authentication through traditional methods based on these extracted features. In their work, Wen et al.?!
introduced PCA filters to learn multi-level filter banks, and employed binary hashing and histogram blocks for indexing and
pooling. Finally, the block-wise histograms were input into the neural network as image features for training, enabling the
network to achieve high recognition accuracy even with limited training samples. Taking into account the special texture pattern
of finger veins, Zhang et al’%. proposed an adaptive Gabor convolutional neural network, which replaces the convolutional
kernels in the convolutional neural network with Gabor filters that excel in extracting local feature information. This method
greatly reduces the network parameters and computational complexity while ensuring excellent recognition performance of the
network, providing a new solution for the deployment of finger feature authentication systems on embedded devices.

Proposed Method
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Figure 2. Overall framework of the proposed approach.

The overall framework of the proposed finger identification framework is illustrated in Figure 2, consisting of three core
stages: mutual region extraction, minimum convolution point feature learning with deformation-aware matching and weighted
score-level fusion. First, considering the inconsistent imaging plane caused by different finger poses, we propose a mutual
region extraction method to align the imaging areas. Then, a minimum convolution point feature learning method is proposed to
handle finger deformation. Subsequently, a deformation-aware point-wise matching method is developed to strengthen matching
performance. Finally, to further boost recognition performance, we achieve the final recognition results by a score-level fusion
strategy combining the minimum convolution point features and Uniform LBP features.

Mutual Region Extraction

For different postures in each captures, the image extracted from finger will inevitably result in some degree of deviation, which
contains horizontal and vertical shift. Horizontal shift can be constrained by the acquisition device and the phalangeal joint
localization®®, while vertical shift caused by longitudinal rotation is the primary factor to generate the deviation, which affects
the recognition performance. To minimize the offset, we propose a method to extract the mutual region. As is shown in Figure
3, the mutual region extraction contains two principal components, i.e. vertical gradient calculation and minimum distance
calculation.

W

Histogram equalization Vertical gradient Sliding overlap region Mutual region

Figure 3. The block diagram of the mutual region extraction.
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During contactless image acquisition, finger pose variations lead to horizontal and vertical shifts. Horizontal shifts can be
constrained by acquisition devices and phalangeal joint localization, while vertical shifts caused by longitudinal rotation are
the primary source of imaging inconsistency. To eliminate this inconsistency, we propose a mutual region extraction method
comprising two key steps: vertical gradient calculation and minimum distance-based similarity evaluation (Figure 3).

In the capturing step, many factors can cause the low image quality which contain distortions of position, variations of
illumination and the skin differences of each individual. Therefore, image pre-processing is first performed, we carry out
histogram equalization algorithm to enhance image contrast, improving the distinguishability of vein patterns and fingerprint
textures. After that, we put attention to the vertical gradient to deal with the vertical shift. Let I(x,y) denote the gray value of
pixel (x,y) after histogram equalization. The vertical gradient Gy (x,y) is calculated to capture vertical intensity changes, which
is defined as:

Gy(x7y):1(x7y+l)_1(xay_l) (1)

After obtaining the vertical gradient images, we adopt the following scheme to extract the mutual region between two
images (e.g., a template image /; and a probe image I»). Keeping the template image /; fixed and shifting the probe image I,
along the vertical direction. For each vertical shift , the overlapping region of the two images is extracted, and the similarity
between the vertical gradient images is calculated using the minimum distance metric. To extract the mutual region effectively,
we utilize the difference of vertical gradient image to evaluate the similarity, which is expressed as:

D(Ay) = min| Gy (x,5) = G (x,y +4)] @

The mutual region is then determined as the overlapping region with the minimum distance D(Ay), which indicates the
highest similarity between the vertical gradient images.

Minimum Convolution Point Feature and Deformation-Aware Matching

To address non-rigid deformation, we propose a minimum convolution point feature learning module combined with a
deformation-aware matching algorithm, shown in Figure 4, consists of three core steps: key-point detection, minimum
convolution point feature learning and deformation-aware matching.
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a) Keypoint Detection b) Minimum Convolution Point Feature Learning ¢) Deformation-aware Matching

Figure 4. Framework of minimum convolution point feature and deformation-aware matching.

(1) Key-point Detection

Key-point detection is a fundamental step for reliable matching. To increase the number of discriminative key-points, we
utilize non-linear edge patterns in finger images. To detect key-points robust to deformation, we utilize multi-orientation filters.
As shown in Figure 5, we apply eight directional derivative filters (0°, 22.5°, ..., 157.5°) to the enhanced image. For each pixel,
we compute the minimum convolution responses across all orientations. The convolution value of an edge point differs from
that of a non-edge point due to the valley shape in the cross-sectional profile.

There are mainly three kinds of edge patterns. As shown in Figure 6(a), the linear edge can fully accommodate linear
filters, which means the convolution value of some filters will be zero. In contrast, the non-linear edge, cannot hold the entire
linear filter in its edge pattern area as shown in Figure 6(b,c), which cause the convolution values of all filter greater than
zero. According to this characteristic, we can extract the non-linear points in edge area as the feature points. The minimum
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Figure 5. Different orientation of the filters.
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a) linear edge b) non-linear edge c) non-linear edge

Figure 6. The filters in different vein patterns.

convolution value generated by linear filter can distinguish the non-linear point in edge pattern area and are extracted as
key-points using the minimum convolution value.

Let F.,(i)(i=1,2,...,8) denote the convolution values of a pixel with eight orientation filters, G,pance denote the enhance
image, and G, denote the feature point map, (m,n) is the position of a pixel point. The enhance image and the feature points
are calculated as:

Genhance (m7 l’l) = Mlax (FCOV(i)) (3)

G point(m,n) = Max (lVIiin(va(i)) ,0) 4)

-
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a) Original Image ¢) Enhance Image d) Points in enhance image

Figure 7. The key-point and edge pattern.

From Figure 6, we can see that points are produced by the detecting the non-linear edge. Furthermore, when generating the
key-points, the enhance image is also obtained by the maximum corresponding value of filters. To present the effect of our
proposal, we draw the points in the enhance image as shown in Figure 7.

(2) Minimum Convolution Point Feature Learning

We construct the minimum convolution point feature on each key-point, which contains the edge patterns clearly. For each
key-point in the enhance image, a rectangle area around the key-point is sampled and divided into 3x3 cells. Then, the gradient
of each cell is calculated, then is quantized into 5 bins(0°-36°, 36°-72°, ..., 324°-360°). A 5-bin gradient histogram is generated
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Figure 9. The statistic of histogram.

for each cell. At last, the histograms of all 9 cells are concatenated to form the final minimum convolution point feature, as
illustrated in Figure 8.

(3) Deformation-aware Matching

All minimum convolution point features in probe image are matched with those in galley image using the minimum
Euclidean distance and generate initial matched paired point features. However, similar textures in different finger images
may lead to false matches, which degrade recognition performance. To address this issue, some researchers have applied
RANSAC to remove false matches?*. However, finger images exist non-rigid transformations, especially when rotating along
the longitudinal axis. RANSAN is ineffective for non-rigid deformations induced by longitudinal rotation, so we propose a new
deformation-aware false match removal method to improve the recognition accuracy.

Correctly matched paired point features exhibit similar orientation, which means the offsets of horizon and vertical
are approximate, and these offsets can vary within a reasonable range to accommodate small deformations. Based on this
observation, we construct a 2D statistic histogram of offsets along horizon and vertical orientation. Then, we accumulate the
number of matched pairs within a range of offsets, which reflects the similar orientation of deviation. The maximum value
in the accumulation histogram indicates the offset of most of paired point features is in this range, which denotes the correct
matching .The statistic processes can be shown in Figure 9.

We suppose the window size of offsets are w in horizon and h in vertical respectively. The 2D histogram is denoted as hist
and H represents the final accumulation histogram. The maximum accumulation histogram can be obtained as:

H (imax; jmax) = Maxy Y hist(i - i+w, j: j+h) &)
i
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a) Before filtering b) After filtering

Figure 10. The removal of false point-matching.

Wherein, iy,,, and j,;qx are the index of max value in the accumulation histogram. Then, the correct matching paired point
features should satisfy the following two conditions:

dx e [imam Imax + W] (6)

dy e [jrnaX7 Jmax + h] @)

As shown in Figure 10, the method of mismatching removal can effectively eliminate mismatched point features. Finally,
the remaining matching paired point features is the basis of evaluating similarity. Herein, we utilize the max point ratio to
obtain the similarity, which is the ratio of the number of the matching paired point features to the total number of point features
in the two to-be-matched images. Let Scorepy denote the score of the deformation-aware matching, which is expressed as:

2m

®

Scorepy =
ny+nyp

Wherein, n; and n; are the number of the two to-be matched images, m is the number of the matching paired point features.

Fusion Recognition
While the proposed minimum convolution point method effectively handles deformation, it fails to retain fine-grained texture
details of the original image. In contrast, texture-based features excel at capturing texture information. To fully exploit the
complementary advantages of structural and texture features, we boost up the recognition performance by fusing the minimum
convolution point feature. For the texture-based feature with texture feature. As the LBP operator has strong discrimination in
texture classification. Thus, we use an improved operator, Uniform LBP, in finger identification, which has the stronger ability
to distinguish texture patterns. And a weighted score fusion strategy is adopted to combine the scores generated by different
matchers. The block diagram of fusion recognition is shown in Figure 11.

Owing to the statistical of the LBP histogram, we can adopt histogram intersection to obtain the LBP feature matching
score. The matching score is defined as follows:

m o .
scorerpp = Zmin (Hl(l),Hz(')) ©)]
i=1
Wherein, H; and H, are the LBP feature vectors, and m is the length of the vector.
According to the weighted addition rule, the scores generated from both methods must be scale normalized to ensure a
meaningful combination. We suppose that NormScoregp denotes the normalized score of LBP, NormScorepys denotes the
normalized score of minimum convolution point feature. The fusion score is calculated as follows:
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score =w - NormScorepy + (1 —w) - NormScorergp (10)

Wherein, w is the weight of the point-matching score, w ranges from 0 to 1.

Experimental Results and Discussion

In this paper, we evaluate the performance of the proposed method on three public databases: SDUMLA-HMT?, MMCBNU_6000%,
FV-USM?’ and LFMB-3DFB?8,

The first database is the SDUMLA-HMT finger vein database, which contains 3816 images from 106 subjects, including 61
males and 45 females. Each subject was asked to provide images of the index finger, middle finger, and ring finger of both
hands during the capturing process. The finger vein images were collected six times from each of the captured finger. The
captured images have a resolution of 240x320. For the lack of ROI images in the database, we extract the ROI images and use
the extracted ROI images in our experiments.

The second database is MMCBNU_6000 finger vein database, which consists of finger vein images from 100 volunteers,
coming from 20 different countries. The finger vein images were collected ten times from each of the six fingers (index, middle,
and ring fingers of both hands) for each subject. The size of image, stored in “bmp” format, is 480x640. The localized ROI
images have the pixels size of 64x128. We utilize the ROI images provided in the database in our experiments.

The third database is USM finger vein database (FV-USM), which was captured from 123 subjects, containing 83 males
and 40 females. Four finger veins were captured for each subject, including left index, left middle, right index and right middle
fingers. The database was collected in two sessions between two weeks and each finger was captured six times in one session.
As a whole, the database contains 5904 finger vein images, and we utilized the ROI image provided by the database.

The fourth database is the Large-scale Finger Multi-Biometric database and benchmark for 3D Finger Biometrics (LFMB-
3DFB), which was collected from 174 volunteers using a self-designed multi-view, multi-spectral 3D finger imaging system.
The database includes the index and middle fingers of both hands, totaling 695 fingers. Each finger was inserted into the
imaging system 10 times for data collection, and during the capture interval, volunteers were asked to flex and relax their
fingers to ensure data diversity, with the finger axial angles randomly distributed within £80 degrees. For each insertion, 6
contactless fingerprint images and 6 finger vein images were captured from 6 different views, resulting in a total of 41,700
contactless fingerprint images and 41,700 finger vein images. Experiments in this paper adopted the finger vein images and
contactless fingerprint images from the ventral view of this dataset, with 6,950 images each. The fusion of finger vein and
contactless fingerprint features was also only performed on this data subset.

To evaluate the performance of our method, we utilize some measurements, including the false accept ratio (FAR) and the
false reject ratio (FRR). To consider both the FAR and FRR, we adopt equal error rate (EER) to evaluate the performance of
various approaches. Herein, EER is the error rate when the false accept ratio is equal to the false reject ratio.

The Effectiveness of The Mutual Region
To verify the effectiveness of mutual region extraction in addressing imaging inconsistency induced by longitudinal rotation,
we evaluate the performance on the above-mentioned four databases by utilizing the texture-based method, including LBP,
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Figure 12. EER comparison of mutual region extraction in different databases.

Table 1. The performance of mutual region extraction in different databases.

SDUMLA_HMT MMCBNU_6000 FV-USM LFEMB-3DFB(vein) LFMB-3DFB(fingerprint)
LBP WLD HOG LBP WLD HOG LBP WLD HOG LBP WLD HOG LBP WLD HOG
Without mutual region 12.07% 12.98% 16.37% 2.37% 2.53% 2.64% 1.66% 2.36% 2.51% 1.99% 2.33% 2.54% 1.41% 1.88% 1.70%
With mutual region 4.45% 9.08% 4.94% 1.62% 2.33% 1.69% 0.94% 1.69% 0.94% 1.38% 1.69% 1.34% 0.73% 1.67% 0.99%

Methods

WLD? and HOG. As illustrated in Figure 12 and Table 1, the EERs are all reduced after integrating the mutual region
extraction module, confirming that aligning overlapping discriminative regions can effectively suppress intra-class variations
caused by pose shifts, with particularly significant improvements observed for LBP and HOG. Notably, the overall EERs of
the SDUMLA-HMT dataset remain relatively high compared to the other datasets. Comparative analysis reveals that this
is attributed to the substantial illumination variations in the SDUMLA-HMT images: even after mutual region alignment,
the inherent texture variability within the aligned regions persists, limiting recognition performance. In the LFMB-3DFB
dataset, texture-based features achieve superior recognition performance owing to the richer texture information in contactless
fingerprint images. This observation further underscores the necessity of fusing finger vein and fingerprint modalities to
leverage complementary biometric information.

The Effectiveness of Minimum Convolution Point Feature

As illustrated in Figure 13 and Table 2, the experimental results validate that the proposed minimum convolution point feature
exhibits superior recognition accuracy compared to traditional statistical features (LBP, HOG, WLD) and classic point-matching
methods (fuzzyEnhance-SIFT), and attains the lowest EER across the majority of the datasets. Specifically, on the SDUMLA-
HMT dataset, our method yields an EER of 2.15%, which is 50.7% lower than that of fuzzyEnhance-SIFT (4.16%) and 51.6%
lower than that of LBP (4.45%). This superiority originates from the proposed feature’s inherent capability to model non-linear
edge patterns, thereby enabling it to more robustly extract illumination-invariant structural features compared to texture-based
methods, especially for datasets characterized by substantial illumination fluctuations, such as SDUMLA-HMT.

Notably, the EER of the proposed method for the FV-USM dataset (1.53%) is marginally higher than those of LBP and
HOG (both 0.94%). This performance discrepancy can be ascribed to the data characteristics of FV-USM, which has minimal
pose-induced intra-class deformation and high image textures, allowing texture-based features to fully capture stable texture
details. Consequently, the deformation resistance advantage of our method is not fully leveraged in this context.

These in-depth comparative analyses collectively highlight the necessity of fusing structural and texture features. By
harnessing the complementary strengths of structural features (robustness to pose variations and illumination fluctuations) and
texture features (superior performance in stable, high-clarity scenarios), the fusion strategy can comprehensively improve the
overall recognition robustness and discriminative accuracy.

In terms of computational efficiency, our method achieves a total processing time of 19ms, which is 45.7% faster than
fuzzyEnhance-SIFT (35ms). This efficiency advantage makes our method suitable for real-time biometric systems, where both
accuracy and speed are critical.
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Figure 13. EER comparison of LBP, HOG, WLD and fuzzyEnhanced-SIFT.

Table 2. The performance of our proposed methods in different databases.

Methods SDUMLA_HMT MMCBNU_6000 FV-USM LFMB-3DFB(vein) LFMB-3DFB(fingerprint)
WLD 9.08% 2.33% 1.69% 1.69% 1.67%
HOG 4.94% 1.69% 0.94% 1.34% 0.99%
LBP 4.45% 1.62% 0.94% 1.38% 0.73%
fuzzyEnhance-SIFT 4.16% 1.09% 1.03% 1.22% 1.01%
Ours 2.15% 0.52% 1.53% 0.83% 0.70%

The Effectiveness of Fusion

The weighted score fusion strategy, which combines our method (structural features) and Uniform LBP (texture features),
yields substantial performance improvements by harnessing the complementary advantages of the two feature types, thereby
validating the rationality of multi-feature synergy.

As illustrated in Figure 14 and Table 4, the fusion strategy achieves the lowest EER across all datasets, with remarkable
performance improvements compared to individual features. Specifically, in SDUMLA-HMT, the fused EER reaches 1.54%,
representing a 28.4% reduction compared to the proposed structural feature alone (2.15%) and a 65.4% decrease relative to LBP
(4.45%); In MMCBNU_6000, the fused EER is 0.05%, which corresponds to a 90.4% reduction versus the proposed feature
(0.52%) and a 96.8% reduction versus LBP (1.62%); In FV-USM, the fused EER (0.36%) is 76.4% lower than the proposed
feature (1.53%) and 61.7% lower than LBP (0.94%).Notably, even in scenarios where individual features already exhibit strong
performance, the fusion strategy further mitigates residual errors: the proposed structural feature offsets LBP’s susceptibility to
subtle deformations, whereas LBP supplements the proposed feature’s insufficiency in capturing fine-grained texture details.

In LFMB-3DFB, the fusion of vein and fingerprint modalities achieves an EER of 0.12%, which is significantly lower
than the EERs of single-modal fused features (vein: 0.42%; fingerprint: 0.33%). This validates that the complementary
characteristics of structural and texture features are consistent across different modalities, and the weighted fusion strategy can
adaptively balance the contribution of each feature type to optimize overall recognition performance.

Comparison with The State-Of-The-Art Algorithms
As shown in Tables 5 to 8, the proposed framework can achieve satisfactory results on all public databases, and outperforms
most of the existing methods, which is attributed to its systematic solution to the core challenges of finger biometric recognition:
imaging region inconsistency, non-rigid deformation, and insufficient feature complementarity.

Notably, the framework exhibits consistent performance superiority across datasets with different characteristics, demon-
strating its strong generalization ability. This generalization originates from the framework’s emphasis on addressing universal

Table 3. Time-consuming of steps in different feature extraction and matching.

Methods Image Enhancement Feature extraction Total time
fuzzyEnhance-SIFT Sms 30ms 35ms
Ours Oms 19ms 19ms
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Figure 14. EER comparison of fusion recognition in different databases.

Table 4. The performance of our proposed method in different databases.

Methods SDUMLA_HMT MMCBNU_6000 FV-USM LFMB-3DFB(vein) LFMB-3DFB(fingerprint)

LBP 4.45% 1.62% 0.94% 1.38% 0.73%
Ours 2.15% 0.52% 1.53% 0.83% 0.7%
Ours(Fusion) 1.54% 0.05% 0.36% 0.42% 0.33%

Table 5. Comparison with the state-of-the-art in SDUMLA-HMT.

Reference Approach EER%
Vega et al.’! Morphologic operation of skeletonization 27.56
Wang et al.>? Gabor wavelet features 2.36

Qiu et al.?? Dual-sliding window and pseudo-elliptical transformer 1.59

The proposed method Ours(Fusion) 1.54

Table 6. Comparison with the state-of-the-art in MMCBNU_6000.

Reference Approach EER%
Xie S J et al.?* Guided filter based singe scale retinex 1.52
Meng X etal.®®  Local directional code 1.03
LuY etal¢ Histogram of salient edge orientation map 0.94
The proposed method Ours(Fusion) 0.05

Table 7. Comparison with the state-of-the-art in FV-USM.

Reference Approach EER%
Wang et al.*? Gabor wavelet features 4.75
Asaari et al.’’ Band limited phase correlation 2.34

Qiu et al.?? Dual-sliding window and pseudo-elliptical transformer 2.32

Qin et al.’8 Deep representation-based feature extraction 1.69

The proposed method Ours(Fusion) 0.36

Table 8. Comparison with the state-of-the-art in LFMB-3DFB.

Reference Approach EER%(vein) EER%(fingerprint) EER%( vein+fingerprint)
Wang et al. Gabor wavelet features 2.12% 1.88% 1.24%
Asaari et al.’’ Band limited phase correlation 1.46% 1.53% 0.89%
Qiuetal.® Dual-sliding window and pseudo-elliptical transformer 1.38% 1.43% 0.85%
Qin et al.*® Deep representation-based feature extraction 0.97% 1.02% 0.72%
The proposed method Ours(Fusion) 0.42% 0.33% 0.12%

challenges rather than relying on dataset-specific heuristics: by targeting fundamental issues of region misalignment and
deformation (instead of optimizing for idiosyncratic data traits), the framework proves to be a practical solution for pose-robust
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finger biometric recognition.

Conclusion

This study addresses the performance degradation of finger identification systems caused by longitudinal rotation in contactless
image acquisition, which leads to inconsistent imaging regions and non-rigid deformations. To solve these core issues, a novel
pose-robust finger identification framework is proposed, integrating mutual region extraction, minimum convolution point
feature learning, and weighted score fusion. The mutual region extraction strategy adaptively aligns inconsistent imaging
areas via vertical gradient calculation and minimum distance metrics, effectively eliminating longitudinal rotation-induced
content discrepancies. The minimum convolution point feature learning module, combined with a deformation-aware matching
algorithm, captures discriminative non-linear structural features and enhances robustness against finger deformation. The
weighted fusion of structural and texture features fully leverages their complementary advantages, further improving recognition
discriminability. Extensive experiments on four public datasets, SDUMLA-HMT, MMCBNU_6000, FV-USM, LFMB-3DFB
demonstrate that the proposed framework achieves state-of-the-art methods in terms of recognition accuracy and efficiency,
verifying its effectiveness and generalization.

In future work, we aim to extend the framework to achieve robustness against arbitrary finger poses (e.g., lateral tilt, pitch,
and compound poses), moving beyond the current focus on longitudinal rotation. Additionally, we will explore the integration
of the proposed handcrafted features with deep learning models to further enhance feature representation capability, expanding
the framework’s applicability to more complex practical scenarios.
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