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Abstract—Biometric systems based on touchless and less-
constrained palmprint are being increasingly studied since they
allow a favorable trade-off between high-accuracy and high
usability recognition. Another advantage is that with a palmar
hand acquisition, it is possible to extract the palmprint as well as
the Inner Finger Texture (IFT) and increase the recognition accu-
racy without requiring further biometric acquisitions. Recently,
most methods in the literature consider Deep Learning (DL)
and Convolutional Neural Networks (CNN), due to their high
recognition accuracy and the capability to adapt to biometric
samples captured in heterogeneous and less-constrained condi-
tions. However, current methods based on DL do not consider
the fusion of palmprint with IFT. In this work, we propose the
first novel method in the literature based on a CNN to perform
the fusion of palmprint and IFT using a single hand acquisition.
Our approach uses an innovative procedure based on training
the same CNN topology separately on the palmprint and the IFT,
adapting the neural model to the different biometric traits, and
then performing a feature-level fusion. We validated the proposed
methodology on a public database captured in touchless and
less-constrained conditions, with results showing that the fusion
enabled to increase the recognition accuracy, without requiring
multiple biometric acquisitions.

Index Terms—Deep Learning, CNN, Palmprint, Finger

I. INTRODUCTION

Biometric systems are used to recognize individuals based
on their physiological or behaviorial traits, without the need
to remember passwords (that can be forgotten) or carry tokens
(that can be stolen). The most widespread biometric systems
consider physiological traits such as the fingerprint, palmprint,
face, or iris, and behavioral traits such as the voice and
signature [1].

Among physiological traits, the palmprint and the finger
surface are being increasingly studied due to their favorable
trade-off between high accuracy and high usability [2, 3,
4]. Recently, most biometric systems based on the palmprint
capture the biometric samples using touchless acquisition
procedures, where the surface of the hand does not touch
any surface, therefore having high usability, positive social
acceptance, and low intrusiveness [3, 5]. In addition, it is often
possible to capture both the palmprint and the inner finger
surfaces with a single image of the hand, therefore enabling
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Figure 1. Position of the main biometric traits in a palmar acquisition of
the hand. In this work, we consider the fusion of the palmprint and the Inner
Finger Texture (IFT), which can be both extracted from the same palmar hand
acquisition.

the use of a multimodal biometric system and increasing the
recognition accuracy with a single biometric acquisition. In
fact, the use of the inner finger surface in combination with
palmprint has been proven to often increase the recognition
performance [6].

Fig. 1 shows the position of the palmprint and finger areas in
the context of hand-based biometric recognition. In this work,
we focus on the palmprint and on the entire inner surface
of the finger, referred to as “Inner Finger Texture” (IFT). In
the literature, several works consider the Finger KnucklePrint
(FKP) extracted from dorsal hand images, however in this
work we consider only the inner finger surfaces since it is
possible to extract them from the same palmar hand image
as the palmprint. Other methods in the literature perform the
biometric recognition by focusing on the Inner KnucklePrint
(IKP), which represent a specific area of the inner finger
surface. However, in this work, we focus on the entire inner
surface of the finger [7].

Currently, the majority of methods for biometric recognition
based on the palmprint or the finger surface are based on
local texture descriptors or coding-based methods [2, 7, 8].
However, these approaches consist of handcrafted feature
extraction techniques with parameters that may need to be
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Figure 2. Outline of the proposed DL recognition method based on the fusion of palmprint and the IFT.

manually tuned for each different database to achieve the
optimal recognition accuracy [9].

Recently, Deep Learning (DL) techniques such as Convolu-
tional Neural Networks (CNN) have been increasingly studied
in several application fields, including biometric recognition
[10], due to their advantages of automatically learning data
representations, thus not requiring a handcrafted feature ex-
traction step, and adapting to biometric samples captured in
heterogeneous conditions and with less-constrained acquisition
procedures [9, 11, 12]. Several recent methods consider DL
techniques for biometric recognition using touchless palmprint
[13, 14, 15, 16] or using features based on the finger [17,
18, 19, 20]. However, current DL methods for palmprint and
finger recognition use supervised training procedures, extract
FKP features from dorsal images of the hand, which require a
different acquisition to capture also the palmprint, and do not
consider the fusion of palmprint and IFT.

In this work, we propose the first novel method in the
literature that uses a DL approach to perform the biometric
recognition by fusing palmprint and IFT extracted from a
single hand acquisition '. The proposed method has the
following advantages: i) it uses a DL model that consists of
a CNN trained using an unsupervised procedure, which does
not require class labels; ii) it uses the same CNN model for all
biometric traits, adapted separately to the palmprint and to the
IFT extracted from the different fingers; iii) it adopts a feature-
level fusion of palmprint and IFT to increase the recognition
accuracy, without requiring additional biometric acquisitions.

The paper is structured as follows. Section II introduces the
relevant literature review. Section III describes the methodol-
ogy. Section IV presents the experimental evaluation. Lastly,
Section V concludes the paper.

II. RELATED WORKS

This section introduces the DL-based methods for palmprint
and IFT recognition. In particular, it is possible to divide DL-
based methods for palmprint recognition in three classes, based
on the typology of the used CNN: i) methods based on CNNs
pretrained on general purpose images; ii) methods based on

'The source code of the proposed method is available at http:/iebil.di.
unimi.it/fusionnet/index.htm.

CNNs with fixed filters; iii) methods using CNNs trained on
palmprint images.

The methods in class i) use CNNs whose filters have
been tuned by training the network on a general purpose
database, such as the work described in [21], which presents a
comparison of the different pretrained CNNs AlexNet, VGG-
16, and VGG-19. Similarly, the method presented in [13] uses
a pretrained AlexNet to recognize newborns based on their
palmprints.

The methods in class ii), rather than using filters pretrained
on general purpose database, use fixed filters, such as the
technique proposed in [22], which uses a CNN with filters
based on the scattering transform [23].

The most accurate methods for DL-based palmprint recog-
nition belong to class iij) and include the technique described
in [15], which trains a CNN using a supervised procedure
to optimize the separation between genuine and impostor
comparisons. Contrarily to [15], the method presented in [24]
performs the palmprint recognition by using the PCANet,
trained using an unsupervised procedure based on PCA. The
method proposed in [16] proposes the PalmNet, which intro-
duces an adaptive methodology that tunes the Gabor filters to
the palmprint samples.

To the best of our knowledge, the only method in the
literature using a DL-based approach for biometric recognition
using IFT is described in [17]. The method uses a CNN
designed ad-hoc to process the IFT and trained using a
supervised procedure to output the class of the corresponding
individual.

The drawbacks of the considered DL-based methods for
palmprint and IFT recognition consist in using either super-
vised training procedures, which require class labels corre-
sponding to the individual during training, and not considering
the fusion of the palmprint with IFT.

III. METHODOLOGY

The proposed approach uses an innovative procedure for the
biometric recognition of the hand by performing a feature-
level fusion of the features computed by a DL model on the
palmprint and on the IFT. In particular, in this work we con-
sider the PCANet [24], a CNN trained using an unsupervised
procedure based on PCA, applied on the palmprint and the
IFT extracted from a single hand acquisition. We consider the
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Figure 3. Example of the segmentation step to extract the Regions Of Interest
(ROI) of the palmprint and the IFT based on the positions of the valley points.
The output of the segmentation step consists of 5 images, one image for the
palm and 4 images for each of the considered fingers: (b) palmprint; (¢) IFT-1;
(d) IFT-2; (e) IFT-3; (f) IFT-4.

PCA-based filters since they have been successfully applied
for the biometric recognition based on different traits, such as
palmprint and face [14, 25].

In this work, we apply the PCANet separately on the
five biometric traits, consisting in the palmprint and the four
IFT extracted from the index, middle, ring, and little finger,
respectively. We consider the five biometric traits separately,
instead of considering the whole image at the same time, since
the PCANet requires the training images to be aligned [24].
By considering the whole image to train the PCANet, the four
IFT would not be aligned due to differences in the relative
positions of the fingers in different acquisitions. Therefore,
we use a reference system based on valley points between
the fingers to segment and then align the palmprint and the
four IFT. For each biometric trait, the PCANet outputs a 1-D
feature vector representing the biometric template. Then, we
perform the feature-level fusion [26] of the resulting feature
vectors to obtain a single biometric template for each hand
acquisition. Lastly, we classify the obtained templates using
a k-Nearest-Neighbors (k-NN) classifier with £ = 1 based on
the Euclidean distance [27]. However, different classifiers and
distance measures can be applied.

The method consists of the four following steps: 4) seg-
mentation, B) CNN training, C) feature extraction, D) fusion,
and E) classification and matching. Fig. 2 presents the outline
of the proposed method.

A. Segmentation

In the segmentation step, the method extracts the Regions
of Interest (ROI) of the palmprint and the IFT. Fig. 3 presents
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Figure 4. Topology of the PCANet used in the proposed approach. The
same topology is separately applied to each different ROI computed in the
segmentation step.

an example of the ROIs extracted from a hand acquisition.

To extract the ROI of the palmprint, we convert the image to
grayscale and compute the binary mask of the hand by using
a combination of the Kirsch edge detector [28] and Otsu’s
thresholding. Then, we extract the valleys between the fingers,
corresponding to the intersection of the index, middle, and ring
finger, by using a procedure based on the methods described
in [29, 30, 31]. Lastly, we compute the ROI by using the
reference system based on the valley points proposed in [5].
Fig. 3b shows an example of a palmprint ROI.

To extract the IFT, we rotate the hand based on the reference
system, to obtain an image of the hand with the fingers
oriented leftwards, with the index finger at the top. Then, we
select the 4 main connected components on the left of the
palmprint ROI. For each connected component, we compute
the orientation of the corresponding finger by analyzing the
difference between the = axis of the image and the major
axis of the fitting ellipse. We compensate for the obtained
orientation in each finger and then extract the region of the
image enclosed by the bounding rectangle.

We resize the palmprint ROI to size u X v pixels and the
IFT ROIs to size a x b pixels. Fig. 3c-f show examples of the
ROIs of the IFT. In this work, we focused on hand images
captured with a uniform background. However, the proposed
method can be extended to hand images captured in-the-wild
with unconstrained backgrounds, by using a different method
to compute the binary mask, for example, based on skin-color
thresholding [32] or CNNs [33].

B. CNN Training

In the CNN training step, we train a different PCANet for
each different biometric trait extracted in the segmentation step
described in Section III-A [24]. It is possible to divide the
PCANet training procedure into three steps: i) collection of
the local regions of the ROIs, ii)) computation of the PCA
and extraction of the filters of the CNN, iii) construction of
multiple layers of the CNN.



To train the PCANet based on N ROI images, first, we
extract the local regions p; ; centered in each pixel of the
image. Each local region has dimensions of m; x my. We
convert each region into a vector p;j and subtract the mean
value from each vector. Then, we compute a matrix P by
concatenating the vectors pjj obtained from all the N ROI
images.

Second, we perform the PCA by extracting the V7 principal
eigenvectors from the matrix PP”, obtaining e;, with i =
1,2,..., V1. Then, we compute the V7 filters of the first layer
of the CNN by converting each eigenvector in a square matrix
Ey; € Rmixme2,

Third, we compute a second layer by filtering the ROI with
each of the filters Iy ;, obtaining V7 images Fj. Then, we
repeat steps i)-ii) on the images F; and compute the filters s ;
of the second layer by extracting the V5 principal eigenvectors
of the PCA, with 7 = 1,2,...,V5. We consider the trained
PCANet as the ensemble of the computed filters: PCANet =
{E\ i, E5 ;}. Fig. 4 shows the topology of the PCANet.

We perform the training procedure on each different bio-
metric trait in the hand image, obtaining 5 different PCANets:
i) PCANet-IFT-1, ii)) PCANet-IFT-2, iii) PCANet-IFT-3, iv)
PCANet-1FT-4, v) PCANet-Palmprint.

C. Feature Extraction

In the feature extraction step, we apply each trained PCANet
on the corresponding biometric trait, obtaining a 1-D feature
vector for each trait. It is possible to divide the feature
extraction step in three parts: i) image filtering using the
PCANet, ii) image encoding, iii) template computation.

First, we filter the ROI using the E ; filters of the first
layer of the PCANet, obtaining V7 images F;. Then, we filter
each of the images F; using the [ ; filters of the second
layer of the PCANet, obtaining the Vi - V5 images Gy, with
k=1,...,V;-Vs. In particular, each set of V5 images in the
output of the second layer is obtained by filtering one of the
V1 images in the output of the first layer, as shown in Fig. 4.
The sizes of the images remain constant during the PCANet
processing.

Second, we binarize the GG images by applying to each
pixel of all the images the following thresholding function:

. 1
bin(z) = { 0
obtaining the binary images Bj,. Then, we consider separately
each group of V5 images. For each position (z,y), we compute
a binary vector by concatenating the binary bits, obtaining
b = [Bi(z,y), B2(z,y), ..., By, (z,y)]. We encode the bi-
nary vector as a decimal number, by using the following
equation: d = 27‘;2:1 27=1b(j). We perform the encoding for
all positions (z,y) to compute the decimal matrix D(z,y)
which encodes the result of the group of V5 images. Then, we
repeat the process for all V; groups and obtain the matrices
D;(z,y), withi =1,2,..., V7.
Third, we construct the 1-D template H by concatenat-
ing the blockwise histograms computed for each of the np
nonoverlapping blocks, with size b; X b2, in the images D;.

ifx >0
otherwise

: M

We compute the feature vector for each different biometric
trait in the hand image, obtaining five feature vectors: i) H-
IFT-1, ii) H-1FT-2, iii) H-1FT-3, iv) H-1FT-4, v) H-Palmprint.
D. Fusion

In the fusion step, we first perform the normalization of the
feature vectors H corresponding to the different ROIs. Then,
we concatenate the normalized feature vectors to obtain the
1-D hand template H-Hand, using the following equation:

H-Palmprint
H-IFT-1
H-IFT-2 . 2)
H-IFT-3
H-IFT-4

H-Hand =

In this work, we applied the min-max normalization, but
different normalization schemes can be considered.
E. Classification and Matching

It is possible to use the proposed approach both in the
identification and verification modalities [1]. In the identifica-
tion modality, we perform a classification step using a k-NN
classifier based on the Euclidean distance, with & = 1 (denoted
by 1-NN in the following). We chose a 1-NN classifier since
it does not require training and has no parameters to tune. In
this way, it is possible to evaluate the ability of the proposed
approach to extract a highly discriminative template.

In the verification modality, we compute the distance s
between two hand templates H-Hand; and H-Handy using
a matching function s12 = match(H-Hand;, H-Hand;). In
this work, we considered match(-) as the Euclidean distance,
however different distance measures can be considered.

IV. EXPERIMENTAL RESULTS

This Section presents the experimental evaluation, by in-
troducing the used database, presenting the error metrics,
describing the tuning of the parameters, and then reporting
the accuracy obtained using our approach. To evaluate the
accuracy, we performed a technology evaluation [34] and
compared the recognition performance of our method against
other methods in the literature based on CNNs.

A. Database

To perform the accuracy evaluation, we considered the
REgim Sfax Tunisia (REST) hand database 2016 [35], which
contains 1945 palmprint samples captured from 358 individu-
als, whose ages range from 6 to 70 years. The acquisitions
were performed using a low-cost digital camera under en-
vironmental indoor lighting, with frequent variations in the
position and orientation of the hand. The segmentation step
successfully extracted the ROIs of the palmprint and the IFT
from 1937 samples, discarding only = 0.5% of the samples.
B. Evaluation and Error Metrics

We evaluated the accuracy of the proposed approach by
performing an n-fold cross-validation procedure [36]. In par-
ticular, we used n = 2 and repeated the procedure 5 times [37].
One partition of the ROIs is used for training and the other
partition for testing, with disjoint sets of individuals in the



Table 1
CLASSIFICATION ACCURACY (%) OF THE PROPOSED METHOD, WITHOUT
THE FUSION STEP, COMPARED TO PRETRAINED CNNS.

Classification accuracy (%)

Ref. Method  p [Pl IFL2  IFT-3 IFT4

[39] AlexNet 78.94 64.92  79.62  67.19  46.11

[40] VGG-16 66.83 5836 7453  60.28  36.99

[40] VGG-19 66.61 57.48  73.93 57.64  36.95

- PCANet 93.03 72.07 87.63 77.69 58.09
Table II

EER (%) OF THE PROPOSED METHOD, WITHOUT THE FUSION STEP,
COMPARED TO PRETRAINED CNNS.

EER (%)
Ref. Method  p [FT1 IFT2 IFT3 IFT-4
[39] AlexNet 13.16 11.39 892  10.39  15.00
[40] VGG-16 20.16 14.67 10.60 13.55  17.93
[40] VGG-19 19.30 13.38 1140 13.07 18.15

- PCANet 834 1336 7.69 10.11 16.19

training and testing subsets. We performed the feature extrac-
tion, fusion, classification, and matching steps on the testing
subset. Then, we averaged the results on the 5 iterations.

We evaluated the performance of the proposed approach
both in the identification and verification modalities. In the
identification modality, we perform a classification using the
1-NN classifier based on the Euclidean distance, applied on
the feature vectors computed from the testing subset. As
the error measure, we consider the classification accuracy,
expressed as the percentage of correctly classified samples.
In the verification modality, we used the matching algorithm
based on the Euclidean distance to compute the distances
between the different templates. For each individual, we se-
lected 4 templates as enrollment and the considered the other
templates as testing [38]. For each comparison, we selected
the final distance as the minimum distance between the test
template and the enrollment templates. As the error measure,
we considered the Equal Error Rate (EER).

C. Parameter Tuning

We chose the parameters of the proposed approach by
performing an experimental evaluation with different possible
values and we chose the values corresponding to the best
recognition accuracy. In particular, we selected the numbers
of filters of the CNN as V; = 10 and V5 = 10, the size of
the local regions m; = mgy = 15, and the size of the blocks
used to compute the histograms as by = by = 23. We chose
the size of the palmprint ROI as v = v = 150 and the size of
the IFT ROI as a = 40,b = 150.

D. Recognition Accuracy

We compared the accuracy of the proposed method against
pretrained CNNs used as feature extractors. In particular, we
considered the pretrained AlexNet [39], VGG-16, and VGG-
19 [40] CNNs. For all three models, we used the features
extracted from the sixth fully connected layer [21].

First, we evaluated the recognition accuracy of the proposed
method without the fusion step, by applying the PCANet
on the palmprint and the IFT separately. Table I shows the

Table 1T
ACCURACY COMPARISON OF FEATURE-LEVEL FUSION 1 AND
FEATURE-LEVEL FUSION 2.

Palm Feature-Level Feature-Level
(no fusion) Fusion 1 Fusion 2
Acc. (%) EER (%) Acc. (%) EER (%) Acc. (%) EER (%)

93.03 8.34 92.49 6.00 94.46 6.05

Method

PCANet

Notes: Acc. = Classification accuracy.

Table IV
ACCURACY COMPARISON OF FEATURE-LEVEL FUSION 2 AND
SCORE-LEVEL FUSION.

Palm Score-Level Feature-Level
(no fusion) Fusion Fusion 2
Acc. (%) EER (%) Acc. (%) EER (%) Acc. (%) EER (%)

93.03 8.34 93.72 5.90 94.46 6.05

Method

PCANet

Notes: Acc. = Classification accuracy.

obtained results expressed in terms of classification accuracy,
while Table II contains the results in terms of EER. From the
tables, it is possible to observe the proposed method based
on PCANet outperforms the other methods based on CNNs.
In addition, it is possible to observe that for some models
the IFTs exhibit a comparable or superior accuracy than the
palmprint, showing the validity in using the IFTs to increase
the recognition performance.

Second, we analyzed the recognition accuracy of the pro-
posed method with the fusion step. In particular, we compared
the accuracy obtained by performing two different fusions:

e Feature-Level Fusion I: IFT-1 + IFT-2 + IFT-3 + IFT-4;

e Feature-Level Fusion 2: Palmprint + IFT-1 + IFT-2 +

IFT-3 + IFT-4.

Table III shows the obtained results for the Feature-Level
Fusion 1 and Feature-Level Fusion 2. From the table, it is
possible to observe that the proposed feature-level fusion
increases the recognition accuracy with respect to using the
palm and the IFTs separately. In particular, the proposed
method based on Feature-Level Fusion 2 achieves the best
classification accuracy. However, it is possible to notice that
the fusion of the IFTs achieves accuracy comparable to using
only the palmprint.

Lastly, we compared the accuracy of the proposed method
based on Feature-Level Fusion 2 with the accuracy obtained
using a Score-Level Fusion [41] of all five biometric traits
based on a preliminary min-max score normalization and the
sum rule [42]. From the table, it is possible to observe that the
proposed method based on Feature-Level Fusion 2 achieves
the greatest classification accuracy, showing its validity in
the biometric identification modality. The proposed method
based on Score-Level Fusion achieves the best EER, showing
it would be the preferred choice in the verification modality.

V. CONCLUSIONS

In this paper, we proposed the first novel method in the
literature based on DL for the fusion of the palmprint and
the IFT using a single hand acquisition. The method is based
on a novel use of the PCANet, a CNN trained using an



unsupervised procedure, which is applied separately on the
palmprint and on the IFT, and on a feature-level fusion of the
resulting feature vectors.

We evaluated the proposed approach on a database of hand
images captured with high variations in the position and
orientation of the hand. The use of the proposed approach
always allowed to increase the recognition accuracy of the
biometric procedure, with respect to using the palmprint or
the IFTs separately.

Future works should consider the use of segmentation
algorithms to extract the hand even in images captured with
unconstrained backgrounds, as well as other classifiers and
different distance measures.
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