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Latent Fingerprint Registration via
Matching Densely Sampled Points
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Abstract—Latent fingerprint matching is a very important
but unsolved problem. As a key step of fingerprint matching,
fingerprint registration has a great impact on the recognition per-
formance. Existing latent fingerprint registration approaches are
mainly based on establishing correspondences between minutiae,
and hence will certainly fail when there are no sufficient number
of extracted minutiae due to small fingerprint area or poor image
quality. Minutiae extraction has become the bottleneck of latent
fingerprint registration. In this paper, we propose a non-minutia
latent fingerprint registration method which estimates the spatial
transformation between a pair of fingerprints through a dense
fingerprint patch alignment and matching procedure. Given a
pair of fingerprints to match, we bypass the minutiae extraction
step and take uniformly sampled points as key points. Then the
proposed patch alignment and matching algorithm compares
all pairs of sampling points and produces their similarities
along with alignment parameters. Finally, a set of consistent
correspondences are found by spectral clustering. Extensive
experiments on NIST27 database and MOLF database show
that the proposed method achieves the state-of-the-art registra-
tion performance, especially under challenging conditions. Code
is made publicly available at: https://github.com/Gus233/Latent-
Fingerprint-Registration.

Index Terms—Latent fingerprint registration, fingerprint
patch alignment and matching, deep key point descriptor, fin-
gerprint simulation.

I. INTRODUCTION
ATENT fingerprints have been playing a vital role in
identifying suspects [1]. Up to now, manual feature
extraction and matching is still indispensable in latent finger-
print matching. Recently, automatic latent fingerprint feature
extraction and matching has become a research focus in the
field of fingerprint recognition, aiming to reduce the workload
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(c) sampling point correspondences obtained by the proposed registration
approach

Fig. 1. A challenging case where the latent fingerprint and the mated rolled
fingerprint can be successfully registered by the proposed approach. The image
quality in the latent fingerprint is so poor that none of minutiae extracted
by FingerNet [3] is correct. The proposed method can find sampling point
correspondences under such challenging situation.

of fingerprint experts. Despite of many published work on this
topic, the recognition performance degrades greatly when the
latent fingerprint has small effective area, low image quality
or large distortion [2]. Therefore, there is still large room for
improvement in latent fingerprint matching.

In latent fingerprint matching algorithms, accurate finger-
print registration is of vital importance for the recognition per-
formance. Minutiae based methods [4], [5] are most commonly
used to establish correspondences across images, which first
extract minutiae from each fingerprint, then extract minutiae
descriptors, and finally use them to find reliable matches.
Among the three steps, accurate extraction of minutiae is the
basis, which will greatly affect the accuracy of the subsequent
steps. However, the requirement for sufficient and accurate
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The flowchart of the proposed fingerprint registration algorithm. The coarse stage of coarse-to-fine registration scheme is shown here. Sampling

points are first sampled uniformly in the ROI on each fingerprint. Then local patch alignment and matching module compares all pairs of sampling points,
aligns local patches finely, and finds potential correspondences. Global patch matching module is finally applied to find a set of compatible corresponding

sampling points among all potential correspondences.

minutiae is usually difficult to meet for latent fingerprints with
low quality. The estimated minutiae may be very few when
the latent fingerprints have small effective area or inaccurate
in location or direction when fingerprint images are greatly
occluded by background noise. Fig. 1 shows an example in
NIST27 database [6], where none of minutiae extracted by
FingerNet [3], a state-of-the-art minutiae extractor, is correct.
Minutiae based registration methods will certainly fail in such
cases.

In order to overcome the limitations of minutiae based
approaches, orientation field based registration [7] has been
proposed considering that level 1 features are more robust
to noise. However, this method greatly relies on reliable
orientation field extraction. Besides, the orientation field
is not discriminative enough for very small fingerprints.
Cao et al. [8], [9] proposed to use densely sampled points
(referred to as virtual minutiae) for latent fingerprint recogni-
tion. The virtual minutiae are defined as uniformly sampled
directed points on fingerprint regions with local ridge orien-
tation as the direction. With virtual minutiae, the following
matching procedure is similar with minutiae based approaches.
The virtual minutiae based method can alleviate the problems
of insufficient minutiae caused by small area or poor quality,
but it still suffers from unstable estimation of local ridge
orientation, which is common in latent fingerprints. The wrong
estimation of direction of virtual minutiae will greatly affect
the performance of virtual minutiae descriptors since the
descriptor is extracted from local image patch aligned with
the direction. Another limitation is that virtual minutiae are
not salient features and cannot be located accurately, so the
accuracy of fingerprint registration is limited by sampling
intervals. To achieve registration accuracy at the pixel level,
this method needs to take each pixel as a sampling point, which
has very high computational complexity and is impractical.

In this paper, a new latent fingerprint registration algorithm
based on dense sampling points is proposed. In the challenging
example shown in Fig. 1, the proposed algorithm can still find
a number of sampling point correspondences. The proposed

method can further enhance the anti-noise ability of registra-
tion algorithms and has high efficiency, which is attributed to
the following designs.

The core of the proposed registration algorithm is local
patch alignment and matching (see the flowchart shown
in Fig. 2). Fingerprint is represented as dense sampling points
in replace of minutiae to avoid minutiae extraction step and
ensure the adequacy of key points even if fingerprints area
is very small. It should be noted that we only estimate the
directions of sampling points on rolled fingerprints. Then
the local patch alignment and matching algorithm estimates the
alignment parameters between image patches and computes
their similarities. Compared with previous minutiae or virtual
minutiae based registration, we add the local patch alignment
module before extracting sampling point descriptors, which is
key to handle their limitations. Concretely, (1) the estimation
of relative rotation between two sampling points rather than
separate estimation of their own local direction helps obtain
more accurate estimated directions of sampling points on latent
fingerprints. (2) The estimation of relative offset between
two sampling points helps the algorithm achieve pixel-level
accuracy without the need of sampling every pixel. In addition,
the proposed local patch matching module computes the simi-
larity of two original image patches rather than enhanced ones
to ensure that the image will not be damaged by the fingerprint
enhancement algorithm. In conclusion, we skip the traditional
fingerprint feature extraction framework of extracting level-
1 (ridge orientation and frequency) and level-2 (minutiae)
features on latent fingerprints and thus avoid being affected
by errors in feature extraction.

After that, potential correspondences between sampling
points are obtained by comparing their similarities to a pre-
defined threshold. Since there are still a large number of
false correspondences, spectral clustering based global patch
matching is employed to find a set of consistent corresponding
sampling points.

Considering registration accuracy and time complex-
ity, a coarse-to-fine registration scheme is proposed.

Authorized licensed use limited to: Tsinghua University. Downloaded on November 18,2020 at 01:16:16 UTC from IEEE Xplore. Restrictions apply.



GU et al.: LATENT FINGERPRINT REGISTRATION via MATCHING DENSELY SAMPLED POINTS

The registration algorithm in both stages is the same, and
the precise registration takes the result of coarse registration
as input. In coarse registration stage, the sampling interval is
large, and all pairs of sampling points on two fingerprints are
considered for comparison. In precise registration, the sam-
pling points are denser, but each sampling point is compared
only with its neighbors. With such a scheme, large amount of
comparison in coarse registration is required but the number
of sampling points is small, while in precise registration the
sampling points are denser but the number of matches required
for each point decreases.

Extensive experiments on latent fingerprint registration are
conducted on NIST27 database [6] and MOLF latent data-
base [10]. On NIST27 database, the distances between man-
vally marked matching minutiae after registration are used as
the evaluation metric to directly evaluate the proposed registra-
tion method. Besides, matching experiments on NIST27 and
MOLF latent fingerprint databases have been carried out to
further verify whether the proposed registration algorithm is
beneficial to the matching performance. The experimental
results show that our approach performs better than existing
methods, especially under challenging conditions such as
heavy background noise and small fingerprint area.

The rest of the paper is organized as follows. In Section 2,
we review the related work. In section 3, we describe the
proposed latent fingerprint registration method including the
details of local patch alignment and matching, and global patch
matching. In Section 4, we evaluate the performance of the
proposed registration method. In Section 5, we conclude the

paper.

II. RELATED WORK

All kinds of fingerprint registration algorithms can be
regarded as key point-based registration algorithms when we
view minutiae, ridge sampling points, image sampling points,
sweat pores, and even pixels as key points. In the following,
we review several representative work pertaining to different
modules including the selection of key points, descriptors, and
global registration.

A. Key Points

The key points in registration algorithms contain minutiae,
sampling points on ridges, sampling points on image, sweat
pores, and pixels. Minutiae [4], [5] are the most commonly
used since it is greatly distinctive and can be extracted robustly
on high quality fingerprints. However, minutiae are still sparse
and can not generate very precise registration results when
fingerprints are distorted.

To improve the registration performance, a lot of work
combines minutiae with other key points. In order to better
deal with distortion, sampling points on ridges [11], [12],
undirected sampling points on images [13], and pixels [14]
are aligned after initial minutiae registration. For high reso-
lution fingerprints, level 3 features [15] including pore and
ridge contours are extracted as key points, which can boost
the performance when combining with minutiae registration.
For latent fingerprints with small effective area, rare minutia
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features [16] are exploited to supplement the insufficient
minutiae. When latent fingerprints are with so low quality
that minutiae and ridges may not be accurately extracted,
Cao et al. [8], [9] proposed virtual minutiae (directed sampling
points on images) to ensure enough key points on fingerprint
area. But their direction may be mis-estimated, which would
affect the matching performance.

In this paper, we adopt dense undirected sampling points
on latent fingerprint images to ensure adequate key points and
do not define their absolute direction to avoid possible error
of direction estimation. Different from the method in [13], our
method does not require minutiae registration as initialization.

B. Descriptors

Descriptors are very important for identifying whether two
key points match or not. Minutiae descriptors have been
widely researched, and the descriptors for other key points [13]
are similar with them. Therefore, we discuss minutiae descrip-
tors in the following.

Traditional minutiae descriptors can be divided into three
categories: image based, texture based, and minutiae based
descriptors. Image based [17], [18] and texture based [19], [20]
descriptors use image intensity or ridge orientation informa-
tion, while minutiae based descriptors [21]-[27] make use
of the relationships between neighboring minutiae. These
methods use manually designed features and thus are difficult
to optimize to separate mated minutiae pairs from non-mated
pairs, especially under challenging situations.

Recently, descriptors constructed by deep learning [8], [9],
[28], [29] are proposed to capture the essential characteristics
of fingerprint patches. To ensure the robustness of descriptors,
local image patches are aligned in advance based on their
estimated key point direction. Experiments show their superior
performance compared to traditional descriptors. However,
their performance may be degraded when image patches are
aligned with wrong direction. Besides, since these methods use
enhanced fingerprints as input, it may also cause performance
degradation when images are enhanced with wrong ridge
orientation, which is common in latent fingerprints.

In our method, we align the image patches with estimated
key point directions before extracting their deep descriptors.
Specially, the key point direction of latent image patch is
estimated by the fusion of that of rolled image patch and the
related spatial transformation. Besides, the deep descriptors
are learned from original image patches rather than enhanced
ones, which avoid being affected by errors in ridge orientation
estimation.

C. Global Registration

Minutiae based approaches usually fit a thin-plate spline
model with paired minutiae as landmark points. The cor-
respondences between minutiae are established by consider-
ing both similarity of minutiae descriptors and compatibility
between minutiae pairs [30], [31]. Cao and Jain [8] introduced
the compatibility between minutiae triplets to further eliminate
false correspondences.
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Many non-minutiae based methods [11], [13], [14] use
minutiae registration as an initial step because minutiae
are salient, and their small number leads to high match-
ing efficiency. In the following, more correspondences are
found for more precise registration. After initial registration,
Ross et al. [11] used a thin-plate spline model to establish
correspondences between sampling points on the ridge curves.
Si et al. [13] proposed a block matching algorithm to find
dense correspondences and minimized an energy function
for global optimization. However, incorrect minutiae regis-
tration will result in incorrect initial registration of these
methods, which is difficult to remedy by the following precise
registration.

Our method takes sampling points as key points and does
not use minutiae registration as initialization in order to
improve the performance for low quality images and small
area fingerprints. We establish the initial correspondences
according to the similarities between sampling point pairs and
use the pairwise geometric constraints to select a subset of
consistent correspondences by spectral clustering.

III. PROPOSED REGISTRATION ALGORITHM

In this section, we describe the proposed registration algo-
rithm, including overall framework, local patch alignment,
local patch matching, global patch matching, and implemen-
tation details of these modules.

A. Coarse-to-Fine Framework

In order to balance registration accuracy and time complex-
ity, the proposed approach applies a coarse-to-fine registration
framework. It contains two stages: coarse registration and
precise registration. The registration process in both stages is
the same, but the setting of sampling points is different.

In coarse registration stage, original pair of fingerprints are
taken as input. The sampling intervals on rolled fingerprints
are 80 x 80, while that on latent fingerprint are 48 x 48 due to
small fingerprint area. We compare all the sampling points on
latent fingerprint with those on rolled fingerprint to find the
coarse correspondences.

In precise registration stage, we take registered fingerprints
after coarse registration as input. The sampling intervals on
both fingerprints are 24 x 24 considering both the accuracy
and efficiency. Since the the distance between corresponding
points may not be too far after coarse registration, the sampling
points on latent fingerprints are only compared with neigh-
boring sampling points on rolled fingerprints. An example of
comparison is shown in Fig. 3.

B. Local Patch Alignment

The proposed local patch alignment and matching module
aims to find the potential correspondences. Given one pair of
sampling points, this module estimates their relative spatial
transformations and computes their similarity. If the similarity
is higher than a given threshold, this pair of sampling point
is considered as potential correspondence. The flowchart of
the proposed local patch alignment and matching module is

IEEE TRANSACTIONS ON INFORMATION FORENSICS AND SECURITY, VOL. 16, 2021

Fig. 3. Sampling points on a pair of fingerprints (has undergone coarse
registration) in the precise registration stage. The sampling intervals on both
fingerprints are 24 x 24. A sampling point on the latent fingerprint (marked
in yellow in (a)) is only compared with neighboring sampling points (marked
in yellow in (b)) on the rolled fingerprint.

illustrated in Fig. 4. Patch matching will be described in next
subsection.

Since sampling points are sampled separately on each
fingerprint, a pair of sampling points are usually not exact
corresponding points even when the two patches are roughly
corresponding. Therefore, it is necessary to adjust the location
and direction of sampling points on latent fingerprints to obtain
the accurate correspondences. The patch alignment approach
is proposed to estimate the relative spatial transformation
between two image patches. Based on the estimation, the loca-
tion and direction of sampling points are adjusted for better
alignment.

To illustrate the effect of patch alignment, Fig. 5 shows
results of the proposed patch alignment and matching algo-
rithm on mated and unmated pairs of fingerprint patches. For
mated patches I4 and Ip from a pair of rolled fingerprint
and latent fingerprint, they still have a large difference in
translation due to large sampling interval. They also have
relative rotation due to the rotation of fingerprints. If their
similarity is computed without better alignment, it will be
very low and misclassified as non-mated. But with the patch
alignment module, the similarity between /4 and the aligned
patch Ic can reflect more accurate matching results. On the
other hand, if /4 and /p are not mated patches, no matter what
the estimation of transformation parameters is, the descriptors
extracted from 74 and the aligned patch I¢ are dissimilar.

We train a Siamese network to estimate the geometric trans-
formation following [32]. The network architecture contains
three parts. The feature extraction network extract feature
maps from image patches centered on two sampling points.
Taking these two feature maps as input, a matching layer
matches them and outputs a correlation map. With the correla-
tion map, the translation and rotation parameters are estimated
with a regression network.

1) Model Architecture: The flowchart of patch alignment
algorithm is illustrated in Fig. 6. For the feature extraction
network, we use the standard VGG-13 network and crop it
before the pool4 layer. It has four double-conv blocks, and the
first three are followed by a max pooling layer. Each double-
conv block contains two conv layers where each conv layer
followed by a BatchNorm layer and a ReLU layer. To over-
come different appearances of input images, we add a ridge
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Fig. 4. The flowchart of the proposed local patch alignment and matching algorithm. Given two image patches (from latent and rolled fingerprints) centered
on the sampling points A and B, the patch alignment module predicts the spatial transformation 0)cqic; between them. The sampling point A take the
value of orientation map on that point as its direction while the sampling point B has no direction. With the predicted transformation, the latent fingerprint
patch are well aligned to the rolled fingerprint patch, and the adjusted sampling point C on the latent fingerprint can be obtained, which is the actually
possible corresponding point of A. After that, both image patches are aligned with the direction of the sampling point and represented as deep descriptors.
The similarity between descriptors is outputted to reflect how similar the two patches are.
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Fig. 5. Results of the proposed patching alignment and matching algorithm

on mated and unmated fingerprint patches.

orientation supervision to help the network pay more attention
to fingerprint ridges rather than the image background. We add
the supervision layers at pool3, and let the network learns to
estimate the orientation field. The supervision layers are made
of a deconv layer, a double-conv block, a conv layer, and a
Tanh layer.

After each image patch produce its feature map, the match-
ing network is developed to combine two feature maps to a
single one for the subsequent parameter estimation. We use
a matching procedure similar to [32]. The correlation layer
computes all pairs of similarities between feature maps and
is followed by similarity normalization. Given the correlation
map, a regression map is applied to estimate the transla-
tion and rotation parameters between two image patches.

The regression network is composed of two double-conv
blocks and one fully connected layer. The output is 3-D vec-
tor, which indicates the relative translation in horizontal and
vertical directions, and the relative rotation angle, respectively.

2) Loss Function: We train the patch alignment network
in a fully supervised manner. For a pair of input image
patches, the ground truth transformation parameter is given
by 0¢r = [dx,dy,da], indicates the relative translation and
rotation angle. With the estimated parameter 0.4, We use
MSE loss to evaluate the parameter regression error:

2
| (M

N
1 . .
Lpara(egt, epred) = N Z Heét - Ilzred
i=1

For the ridge orientation estimation, we also use the MSE
loss for convenience. For an image patch of size H x W,
the corresponding ground truth orientation map My, is a two-
channel image map concatenating the cosine map cos(20)
and sine map sin(20) of origin orientation field O whose

size is % X %. The MSE loss for one input image patch is

2
-

N
1 . .
Loy (Mgt, Mpred) = N 21 H Mét - ;red
=

The final loss is a weighted sum of the loss of transformation
estimation and the total loss of ridge orientation estimation for
two input image patches, which is

Lateh = Lpara + /lmatch (L(l;ri + L(z;ri) (3)

where A,q:cn 15 the weighted coefficient.

3) Simulation of Training Data: Training models in the
fully supervised manner requires pairs of image patches and
their corresponding transformation parameters. We prepare the
training data by applying synthetic transformations to real
pairs of latent and rolled fingerprints, which makes it easier to
get large amount of data for the CNN training. See Section D
for information on the used fingerprint database.

To synthesize the training data, the latent fingerprints are
required to register to their paired rolled ones. We regis-
ter two fingerprints based on the MCC descriptor [24] and
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Fig. 6. The model architecture of the proposed patch alignment algorithm.

spectral clustering [33]. The MCC is used to measure the
similarity between all possible minutiae pairs, and spectral
clustering is used to obtain the mated minutiae pairs. Based
on the paired minutiae, Thin Plate Spline (TPS) [34] model
is applied to approximate the distortion field. In order to
ensure the correctness of training samples, we apply quality
control manually to choose only examples whose registration
is correct. Then we cut pairs of image patches whose size is
200 x 200 randomly on the registered image pairs. Only pairs
of image patches with common foreground area greater than a
predefined threshold are preserved. In this way, we can obtain
multiple pairs of aligned image patches from each pair of latent
and rolled fingerprints. For a pair of image patch I4 and Ip,
random translation and rotation are applied to them, and the
transformed patches are named as I and I3. We take the patch
pair (14, I) and (I, I4) as training pairs. The image patches
in the latter pair are both from rolled fingerprints, which can
make the network easier to train.

Specifically, we generate two training datasets for the coarse
and precise registration, respectively. The parameter dimen-
sions of the transformations are different in two datasets.
In coarse registration, the range of random translation is
[—50, 50] pixels, and that of rotation is [—40,40] degrees,
while in precise registration the range of random translation
is set as [—25, 25] pixels and that of rotation is set as [—20, 20]
degrees. When training models, the parameters of translation
are transformed to [—1, 1].

C. Local Patch Matching

The proposed local patch matching procedure aims to com-
pute the similarity between a pair of aligned image patches.
To compute the similarity, we extract deep descriptor from
image patches centered on each sampling point with the point

IEEE TRANSACTIONS ON INFORMATION FORENSICS AND SECURITY, VOL. 16, 2021
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The model architecture of the proposed deep descriptor.

direction as the horizontal positive direction, and take the
distance between two descriptors as the patch similarity.

We train a Siamese network to extract deep descriptors.
Although minutiae descriptors based on depth learning [8],
[9], [28], [29] have been proposed, our main contribution is to
propose a dedicated process to address the problem of lacking
of ground truth data. Simulating multiple fingerprints from
rolled fingerprints can simultaneously solve the problem about
the lack of samples and correspondence information.

1) Model Architecture: The VGGNet-13 architecture is
adopted for the feature embedding. Similar with the feature
extraction network in the proposed patch alignment algorithm,
the supervision is added after pool3 to let the ridge orientation
as supervisory information. After all the conv layers, the
FC-BN structure is applied to obtain a 512-dimensional fea-
ture, which is used as the descriptor. The concrete architecture
is illustrated in Fig. 7.

2) Loss Function: Similar with the loss in local patch
alignment algorithm, the loss function here contains two parts,
the contrastive 108S Lcontrastive Which minimizes the distance
between positive pairs while maximizes that of negative pairs,
and the MSE loss L,,; which evaluates the estimation accuracy
of ridge orientation. The total loss is

Lsimi = Lcontrastive + /Isimi (L(l;ri + Lgri) (4)

where Agimi 1s the weight coefficient.

3) Simulation of Training Data: To train the descriptor
learning network, multiple samples are required for the same
key point to enhance the generalization of the network, and
the correspondence between key points should be known.
However, existing public latent fingerprint databases usually
have only two fingerprints for one finger. That is to say, one
key point at most have two patches. In addition, to obtain
the key point correspondences, additional key point matching
is required, which would make the data preparation more
complex and cannot guarantee the accuracy and completeness
of correspondences.

To obtain large latent fingerprint database, an efficient alter-
native is to simulate fingerprint images [35], [36]. We therefore
propose a fingerprint simulation method to efficiently obtain
more reliable training data. Using this method, multiple image
patches from the same key point and the correspondence
between them can be obtained simultaneously. The basic
idea is that, the transformation rule is analyzed in advance
and then transferred to other fingerprints to simulate more
images. In the following, we first introduce the proposed
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fingerprint simulation method and then the generation of key
point patches.

Fingerprint Simulation: The simulation process includes
two steps: learning transformation rule and simulating finger-
prints from rolled fingerprints with the transformation rule.
One example of the detailed steps is shown in Fig. 8.

In the first step, we register latent fingerprints with cor-
responding rolled fingerprints to obtain the region of inter-
est (ROI) and distortion field. The ROI is used to simulate
small valid area of fingerprints while the distortion field is
used to simulate the deformation.

We register two fingerprints in a similar manner with that
in the data simulation of the proposed local patch alignment
algorithm. The registration is conducted by fitting the TPS
model with matched minutiae, which are found by spectral
clustering method with similarities of minutiae pairs computed
by MCC descriptor. After registering latent fingerprints to
rolled fingerprints, the intersection of the ROI of registered
latent fingerprints and that of rolled fingerprints is seen as
the common ROI. To better locate the relative position of the
common ROI, the fingerprint center of the rolled fingerprint is
also estimated. It is defined as the upper core of a fingerprint,
which can be estimated by the VeriFinger [37].

It should be noted that we use the MCC-based minutiae
matching algorithm to efficiently get pairs of training samples.
Although the algorithm is not perfect, our experimental results
show that the performance of the deep minutiae descriptor
trained based on these training samples is significantly better
than that of MCC.

In the second step, given one rolled fingerprint, a corre-
sponding fingerprint can be simulated with the given distor-
tion field and ROI. The ROI is firstly applied to the rolled
fingerprint tocut a local fingerprint area. To ensure the right
absolute position, the center recorded with ROI should be in
advance aligned with the center of the rolled fingerprint. Then
we apply the distortion field on the clipped local fingerprints.
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Step 1: Learning transformation rule

Distortion field

Local distorted Simulated latent fingerprint

Local fingerprint

fingerprint  (with appearance simulation)

The proposed fingerprint simulation algorithm consists of two steps.

Finally, we apply the CycleGAN [38] to change the fin-
gerprint appearance to simulate the gray-scale ridge pattern
in various fingerprints. Multiple pairs of registered latent and
rolled fingerprints are applied to train the model. In this way,
the incompleteness, distortion, and different appearance of
fingerprints are all simulated.

Generation of Key Point Patches: By adopting the proposed
fingerprint simulation method, twenty more fingerprints are
simulated from a rolled fingerprint, such that more expressions
are available for each fingerprint. After that, key point patches
are generated to train the descriptor network.

We construct two training datasets to train the descriptors
where image patches are centered on different key points,
the minutiae and the sampling points. The minutiae based
dataset is used to train a base model and the sampling point
based dataset is further applied to fine-tune the base model in
order to make the model more generalizable to test data.

In both training datasets, the generation of images patches
is the same. We take the minutiae based dataset as an example.
For original rolled and latent fingerprints, as described earlier,
minutiae are extracted from original fingerprint images, and
minutiae pairs have been obtained from the registration result.
For the simulated fingerprints, minutiae are estimated from
that in rolled fingerprints with the distortion field, and the
correspondences between minutiae in different impressions
can be obtained directly. We cut minutiae patches of 200 x 200
pixels around each minutia in the rolled, latent, and simulated
fingerprints separately for the minutiae descriptor training.
Patches whose foreground area is less than 40% of the patch
area area excluded. Based on the correspondences of minutiae
from different impressions, the minutiae patches representing
the same minutia share the same label. To ensure the correct-
ness of each minutiae cluster, only minutiae clusters with more
than eight patches are used to train minutiae descriptors.

The above patch generation algorithm can ensure that the
image patches with the same label come from the same
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key point. To train the Siamese network, we select a mini-
batch which is composed of several positive pairs. These pairs
with a same label make up of the positive set, and negative
set is sampled randomly from different categories.

D. Global Patch Matching

After obtaining the spatial transformation parameters and
similarities between all pairs of sampling points, we first select
the pairs whose similarity is above a given threshold 7 as
potential sampling point correspondences, and then use the
spectral clustering based global patch matching method to
compute the compatible subset of correspondences.

Different from the spectral clustering based registration
in minutiae based approaches [33], not only similarities but
also the relative transformation parameters between pairs
of sampling points are used in our method. For one pair
of sampling points, we adjust the location and direction of
sampling point on the latent fingerprint based on the estimated
transformation. In this way, for different sampling points on
the rolling fingerprint, the position and direction of the same
point on the latent fingerprint are different after adjustment.

With the adjusted sampling point, the following registration
is the same with that in minutiae based approaches. Specially,
in consideration of time efficiency and accuracy, we choose
mutually N neighbors from all pairs of adjusted sampling
points as initial correspondences based on their similarities.
The descriptor similarities are normalized by min-max normal-
ization. In the following, the second-order graph matching [30]
is applied to remove false correspondences.

E. Efficiency Improvement

The proposed method is very time-consuming in the online
stage because it is required to estimate the relative transfor-
mation parameters for each pair of image patches, then extract
the descriptors of aligned patches, and finally compute their
similarities. The time required for a pair of fingerprints is equal
to the time required for a pair of image patches multiplied by
the number of matches. The key to improve the efficiency of
the proposed method is to reduce the time required for a pair
of patches.

We take the following strategy to convert several steps
that were computed online to offline. Concretely, we extract
descriptors of dense sampling points on rolled and latent fin-
gerprints in the offline stage and store as the feature templates.
Then the descriptor of one sampling point in the online stage
is approximated by the descriptor of its nearest neighbor in
the template.

When creating the feature templates, the sampling points
should be as dense as possible. For rolled fingerprints, the sam-
pling interval is the same with that in the registration method
(80 x 80), and the local orientation is regarded as the direction
of sampling point. For latent fingerprints, we use 16 x 16
sampling points and give each sampling point 19 possible
directions, which is sampled every 10 degrees between -
90 degrees and 90 degrees.

It should be noted that the location and direction of sampling
points have a certain error when extracting descriptors using
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this strategy. But due to the very dense sampling point on latent
fingerprints, the maximum error is within 8 pixels in location
and 5 degrees in direction. The current descriptor extraction
method is robust to such degree of location and direction error.

F. Implementation Details

A database from local police department is used to construct
the training data in both local patch alignment and matching
procedures. This dataset contains more than one thousand pairs
of rolled and latent fingerprints, where latent fingerprints are
collected from real crime scenes.

We choose 500 pairs of mated latent and rolled fingerprints
in the database and exclude those whose minutia match-
ing scores computed by VeriFinger [37] are less than 50.
Fingerprints of relatively good quality were chosen so that
the data simulation results for training deep neural networks
are reliable. FingerNet [3] is adopted to extract the ROI,
minutiae, and ridge orientation images of both rolled and latent
fingerprints.

All the networks in our method are trained with
PyTorch [39] from scratch on NVIDIA GTX 1080 Ti GPUs.
The stochastic gradient descent (SGD) is used for optimization
with a weight decay of 5 x 1074,

To balance the loss function, we use A,qrcn = 0.25, and
Asimi = 0.5.

Local Patch Alignment: We train two alignment models
with different synthetic training datasets for two registration
stages, both with learning rate 1073, weight decay 0.95 every
5 epochs, and batch size of 32. Models are all trained for over
20 epochs.

Local Patch Matching: The descriptor network is trained
with the mini-batch which contains multiple pairs of patches
with the same label, and on-line hard negative sampling is
used to select the negative pairs with smallest distance during
training for better convergence and accuracy.

When training the base model, the learning rate is set
initially as 1072 and decays at 0.95 rate every 5 epochs. The
batch size is set as 32, and the model is trained for over
20 epochs. When fine-tuning the model with sampling point
based training data, we use the initial learning rate 1074, and
other parameters are the same.

Global Patch Matching: In coarse registration stage,
we choose mutually N = 4 neighbors as initial matching
pairs, and the threshold 7 = 0.5 to exclude obvious dissimilar
point pairs. In precise registration, N is set as 4, and 7 is
set as 0.

IV. EXPERIMENTS

In this section, we carry out several experiments to evaluate
the performance of the proposed latent fingerprint registration
algorithm and compare it to the dense registration [13] and
Cao’s method [9], which show great performance on slap fin-
gerprint registration and latent fingerprint recognition, respec-
tively. The experiments are performed on the NIST27 database
and MOLF database.

Firstly, we directly evaluate the registration accuracy on
NIST27 database by comparing the deviation between mated
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Fig. 9.

minutiae after aligning the mated fingerprints with the esti-
mated registration parameters. Secondly, we use a match-
ing experiment on both databases as an indirect evaluation
considering that the purpose of fingerprint registration is to
improve the accuracy of fingerprint recognition, and there are
no ground-truth registration parameters in MOLF database.

A. Databases

NIST27 database [6] is a public latent fingerprint database
containing 258 pairs of latent and rolled fingerprints. For a
fingerprint image in the database, we use manually marked
ROI of latent fingerprints [40] and use FingerNet [3] to obtain
the ROI of rolled ones. In order to guarantee the fairness,
the same ROI is applied to all algorithms to be compared.

MOLF database [10] contains 19,200 fingerprints from
100 subjects with five different capture methods. We choose
the DB3_A subset as the reference dataset, which is captured
using CrossMatch L-Scan Patrol, and the DB4 subset, which is
the only latent fingerprint dataset. For each fingerprint, the first
instance is selected. Finally, 1,000 pairs of latent and plain
fingerprints from 10 fingers of 100 users are obtained. We use
the first 500 pairs of fingerprints to conduct the experiments.
Considering the clean fingerprint background in these two
datasets, the Otsu’s method [41] and morphological operations
are used to obtain the ROI of each fingerprint.

B. Performance of Fingerprint Registration Evaluated by
Mated Minutiae Pairs

We use the location and direction differences of ground
truth matching minutiae after alignment as the evaluation
metric. In the NIST27 database, each pair of mated rolled and
latent fingerprints has matching minutiae provided by finger-
print experts. After obtaining sampling point correspondences,
the translation and rotation between image pairs are computed
by the average translation and rotation between sampling
point pairs. With the spatial transformation parameters, latent
fingerprints can be aligned to rolled ones, and the manually
marked minutiae on latent fingerprints can also be registered.
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Since Cao et al. constructed three different minutiae tem-
plates and one texture template, and outputted one fingerprint
registration result for each template, the comparison is con-
ducted with their four registration results.

The cumulative distribution functions of location and direc-
tion deviations are shown in Fig. 9. As we can see

o The performance of the dense registration is comparable
with that of minutiae based methods such as the the first
and second template in Cao’s method, probably because
it employs minutiae based initial registration.

o The performance of the proposed precise registration
method is more accurate than that of coarse registration.
After the precise registration, more than 80% minutiae
have the deviation less than 20 pixels in location and
15 degrees in direction.

o The first minutiae template in [9] achieves better results
than other two minutiae templates, and the performance
of texture template is slightly better. Compared with
other methods, the performance of ours is consistently
better.

For concrete analysis, we compare the performance on three
subsets of NIST27 database, which are named as good, bad,
and ugly subsets. The comparison results are shown in Fig. 10.
Besides, to better analyze the results, we list the registration
accuracy of different methods on three subsets and the whole
dataset in Table I when setting the threshold of deviation
from ground truth as 20 pixels and 15 degrees in location
and direction, respectively. We can observe that

o The proposed method achieves comparable results on the
good subset and performs better on the bad and ugly
subset. As shown in the table, our method can achieve
2.68%, 6.67%, and 12.47% improvement in location
in the good, bad, and ugly subset, 0.45% and 3.12%
improvement in direction in the bad and ugly subset,
respectively, in comparison with the best results of other
methods. The improvement is greater when the image
quality is worse, which suggests the superiority of the
proposed method on latent fingerprints with low image
quality.
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Fig. 10. Empirical cumulative distribution functions of (a)(b)(c) location and (d)(e)(f) direction deviations on the good, bad, and ugly subsets of fingerprints

in NIST27 dataset, respectively.

TABLE I

REGISTRATION ACCURACY WITH THE THRESHOLDS OF LOCATION DEVIATION FROM
GROUND TRUTH AS 20 PIXELS AND DIRECTION DEVIATION AS 15 DEGREES

Location Direction

Method Good Bad Ugly All Good Bad Ugly All

Cao-minul 84.54%  74.50%  6229%  76.65%  89.35%  82.28%  80.00%  85.23%
Cao-minu2 81.22%  66.72%  4843%  69.65%  88.42%  77.09%  72.66%  81.64%
Cao-minu3 83.94%  66.64%  56.16%  72.74%  89.05%  80.80%  71.25%  84.04%
Cao-texture 83.13%  77.84%  66.06%  71.75% 90.97%  85.47%  8541%  88.16%
Dense registration ~ 80.79%  66.79%  55.14%  71.00%  86.75%  76.87%  70.28%  80.22%
Proposed-coarse 80.20%  69.38%  55.69%  T71.57%  8897%  84.14%  11.34%  84.96%
Proposed-precise 87.22% 84.51% 78.53% 84.48%  90.63% 85.92% 88.53%  88.82%

« Among the four templates used in [9], the texture tem-
plate performs better on bad and ugly subset than three
minutiae templates. Its superior performance indicates
that dense sampling points are suitable key points in latent
fingerprints of very poor quality.

Several examples of correct matches and failure cases
are shown to discuss the superiority and inferiority of the
proposed approach. Fig. 11 illustrates several examples where
correct matches can be found by the proposed method, but
other methods are not successful. From these examples, it is
demonstrated that the proposed method is robust in situations
where fingerprint ridges are too deep or too light to distinguish
from background or are polluted by background noise. Fig. 12
gives three failure cases.The failure is mainly due to limited
fingerprint area and the great background noise. When the
distances between matching points are too far after coarse

registration, the effect of precise registration is limited. There-
fore, here only shows the sampling point correspondences
obtained by coarse registration. These examples show that
the proposed method needs further improvement to deal with
fingerprints with very small effective area or with very poor
quality.

C. Performance of Fingerprint Registration Evaluated
by Fingerprint Matching

For each pair of input fingerprints, we register the latent
fingerprint to the rolled one using the registration approaches.
Then the deep descriptor proposed in [9] is used to computing
the similarity of two virtual minutiae from two fingerprints,
and the average similarity of all virtual minutiae on their
overlapping area is used as a matching score. The virtual
minutiae are obtained by sampling evenly at 24 x 24 intervals
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Fig. 11.

Failure cases in the NIST27 database. Left two columns show the
sampling point correspondences, and the third column shows the deviation
between matching minutiae after coarse registration.

Fig. 12.

with the local ridge direction of rolled fingerprints as their
direction. If there is no registration parameters estimated, the
score is set to the minimum 0. After obtaining all the matching
scores, the Cumulative Match Characteristic (CMC) curve is
used to evaluate the performance of the different registration
algorithms.

Fig. 13 shows the matching performance on NIST27 data-
base. The performance of dense registration algorithm is
comparable to the best result of Cao’s algorithm, but its
identification rate on rank-1 is higher. The proposed approach,
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Examples of correctly registered fingerprints pairs in the NIST27 database.

especially the precise registration, obviously outperforms
other methods, where the rank-1 identification performance
improves from 61.6% to 70.1%. The matching performance
on MOLF database is shown in Fig. 14. This database is
a rather difficult database since the rank-1 accuracy of all
algorithms is very low, but the performance of our approach
is still significantly improved (from 15.2% to 19.8% rank-
1 accuracy). This indicates that the proposed algorithm can be
well generalized to different latent fingerprint databases. Spe-
cially, the performance of dense registration on this database
is very poor, probably because the fingerprint features it uses
are extracted by traditional methods, which are more prone to
errors.

Fig. 15 gives two examples on MOLF database where
our method conducts the registration successfully. Only the
registration results by the texture template in [9] is shown for
comparison since the minutiae based approaches (the other
three minutiae templates and the dense registration) often
fails. The ridge lines in these latent fingerprints are difficult
to be accurately extracted by existing algorithms but can be
identified by human experts based on context information. The
proposed method do not rely on estimated orientation field,
and thus can handle such level of image blurry.

D. Effect of Coarse-to-Fine Registration

Several examples are given to show the effect of precise
registration in Fig. 16. In coarse registration, the intervals
between sampling points are set very large to reduce the
matching times of image patches in consideration of time
efficiency. Therefore, the registered latent fingerprint is close
to the correct result, but there is still a certain distance.
To further reduce the registration error, the sampling points
are denser in the precise matching. Despite of more sampling
points, the matching times are acceptable since each sampling
point in latent fingerprint is only compared with 25 sampling
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TABLE 11
COMPUTATIONAL EFFICIENCY OF FINGERPRINT REGISTRATION

Cao et al. [9]

Method Stage Proposed-coarse  Proposed-precise  Dense registration [13]
latent rolled
Image preprocessing  Offline 3291 1.17 0.21 0 -
. . Offline  137.48 (15.49+121.96+0.03)  19.39 (10.23+9.13+0.03) 22.73 0 -
Descriptor extraction .
Online - - 0.93 2.13 -
Key point matching Online 0.001 0.14 0.29 -
. Offline 190.95 23.87 0
Total time .
Online 0.001 1.07 2.42 3

Identification rate
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Fig. 13.  The matching performance of different registration methods on
NIST27 database.
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Fig. 14. The matching performance of different registration methods on the
first 500 pairs of MOLF database.

points in rolled ones. The registration results illustrates the
effectiveness of precise registration.

E. Computational Efficiency

We compare the computational efficiency of proposed fin-
gerprint registration method with Cao’s method [9] and dense
registration [13]. The speed of the dense registration reported
in their paper is cited for the comparison. For the other two
deep learning based approaches, the computational time taken
for each method is related to the number of key points. There-
fore, we report the comparison results on NIST27 database.
In the following, the comparison is made in both off-line and
on-line stages.

(a) Plain (b) Latent ©) Registered (d) Registered by
by the proposed method in [9]
method
Fig. 15. Examples where the registration results of the proposed approach

are more precise in the MOLF database.

In the off-line stage, the image preprocessing step con-
sists of ROI estimation, ridge orientation estimation, fin-
gerprint enhancement, and minutiae extraction. Our method
only requires ROI and ridge orientation estimation of rolled
fingerprints, which is estimated by FingerNet. The descriptor
extraction step is applied for each key point patch. Cao et al.
extracts deep descriptors from each key point patch on latent
and rolled fingerprints, respectively, followed by descriptor
length reduction and product quantization to improve the
comparison speed, while we extract deep descriptors of very
dense sampling points for on-line searching.

In the on-line stage, descriptor extraction step in our method
adjusts the location and direction of sampling points with
estimated transformation parameter and uses the descriptors
of their nearest neighbor as their deep descriptors. In the
key point matching step, similarities between key points are
computed, and global patch matching approach is applied in
both methods to conduct the fingerprint comparison. The time
taken for each step is shown in Table II.

All the steps that require deep learning are conducted on
NVIDIA GTX 1080 Ti. The key point matching in Cao’s
method is implemented with C++ while ours are implemented
in MATLAB on a PC with 2.50 GHz CPU. The dense
registration is implemented in MATLAB and C.

As can be seen from Table II, Cao’s method takes a lot of
time in the image preprocessing and extracting deep descrip-
tors of latent fingerprints, but the minutiae templates can be

Authorized licensed use limited to: Tsinghua University. Downloaded on November 18,2020 at 01:16:16 UTC from IEEE Xplore. Restrictions apply.



GU et al.: LATENT FINGERPRINT REGISTRATION via MATCHING DENSELY SAMPLED POINTS

(c) Precise matching

(a) Latent to match (b) Coarse matching

Fig. 16. Precise registration helps improve registration accuracy. The first
column shows the latent fingerprint to match with manually marked skeleton
drawn on it. The second and third columns shows ground truth matching
minutiae after coarse registration and precise registration, respectively, where
minutiae on rolled fingerprints are marked in green, and registered minutiae
on latent fingerprints are marked in blue.

extracted offline. Compared with their method, ours requires
longer time online when registering a pair of fingerprints due
to the two-stage registration. It takes about 3.49 seconds for
one pair of fingerprints, which is comparable with the speed
of dense registration. Therefore, the proposed method is more
suitable for performing fine registration in the candidate lists
generated by large database retrieval.

V. CONCLUSION

In this paper, we propose a latent fingerprint registration
method, which bypasses minutiae extraction and ridge ori-
entation field estimation of latent fingerprints to avoid being
affected by the error of feature extraction. Instead of minutiae,
dense undirected sampling points are taken as the key points.
All pairs of sampling points are compared to produce their
similarities along with their relative spatial transformation.
The sampling point correspondences are finally estimated
by spectral clustering based global patch matching method.
To further reduce the registration error while not sacrificing
efficiency, an coarse-to-fine registration scheme is conducted.
The proposed latent fingerprint registration algorithm is tested
on NIST27 database and MOLF database and compared with
the state-of-the-art. Experimental results show its better per-
formance on latent fingerprints and stronger ability to handle
fingerprints with poor quality.

The limitation of the proposed approach is that (1) although
the coarse-to-fine registration scheme helps increase the effi-
ciency, the local patch alignment and matching itself is time-
consuming. (2) It is inevitably affected by large skin distortion
due to the performance constraints of local patch alignment
and matching. (3) There is still room for improvement in the
discrimination ability of the proposed deep key point descrip-
tor. Further direction includes increasing the computational
efficiency while increasing the registration accuracy to better
deal with local distortion, and achieving end-to-end fingerprint
registration.

[1]
[2]
[3]

[4]

[5]

[6

=

[7]

[8]

[9]

[10]

(11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

1243

REFERENCES

D. Maltoni, D. Maio, A. K. Jain, and S. Prabhakar, Handbook of
Fingerprint Recognition. London, U.K.: Springer, 2009.

A. Sankaran, M. Vatsa, and R. Singh, “Latent fingerprint matching: A
survey,” IEEE Access, vol. 2, pp. 982-1004, 2014.

Y. Tang, F. Gao, J. Feng, and Y. Liu, “FingerNet: An unified deep
network for fingerprint minutiae extraction,” in Proc. IEEE Int. Joint
Conf. Biometrics (IJCB), Oct. 2017, pp. 108-116.

A. M. Bazen and S. H. Gerez, “Fingerprint matching by thin-plate spline
modelling of elastic deformations,” Pattern Recognit., vol. 36, no. 8,
pp. 1859-1867, Aug. 2003.

A. Ross, S. Dass, and A. Jain, “A deformable model for fingerprint
matching,” Pattern Recognit., vol. 38, no. 1, pp. 95-103, Jan. 2005.
NIST Special Database 27. Accessed: Jan. 2018. [Online]. Available:
http://www.nist.gov/srd/nistsd27.cfm

R. P. Krish, J. Bigun, D. Ramos, J. Ortega-Garcia, and J. Fierrez,
“Pre-registration of latent fingerprints based on orientation field,” IET
Biometrics, vol. 4, no. 2, pp. 42-52, Jun. 2015.

K. Cao and A. K. Jain, “Automated latent fingerprint recognition,”
IEEE Trans. Pattern Anal. Mach. Intell., vol. 41, no. 4, pp. 788-800,
Apr. 2019.

K. Cao, D.-L. Nguyen, C. Tymoszek, and A. K. Jain, “End-to-End
latent fingerprint search,” IEEE Trans. Inf. Forensics Security, vol. 15,
pp- 880-894, 2020.

A. Sankaran, M. Vatsa, and R. Singh, “Multisensor optical and latent
fingerprint database,” IEEE Access, vol. 3, pp. 653-665, 2015.

A. Ross, S. C. Dass, and A. K. Jain, “Fingerprint warping using ridge
curve correspondences,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 28,
no. 1, pp. 19-30, Jan. 2006.

C. Lin and A. Kumar, “Matching contactless and contact-based con-
ventional fingerprint images for biometrics identification,” IEEE Trans.
Image Process., vol. 27, no. 4, pp. 2008-2021, Apr. 2018.

X. Si, J. Feng, B. Yuan, and J. Zhou, “Dense registration of fingerprints,”
Pattern Recognit., vol. 63, pp. 87-101, Mar. 2017.

Z. Cui, J. Feng, S. Li, J. Lu, and J. Zhou, “2-D phase demodulation for
deformable fingerprint registration,” IEEE Trans. Inf. Forensics Security,
vol. 13, no. 12, pp. 3153-3165, Dec. 2018.

A. K. Jain, Y. Chen, and M. Demirkus, “Pores and ridges: High-
resolution fingerprint matching using level 3 features,” IEEE Trans.
Pattern Anal. Mach. Intell., vol. 29, no. 1, pp. 15-27, Jan. 2007.

R. P. Krish, J. Fierrez, D. Ramos, F. Alonso-Fernandez, and J. Bigun,
“Improving automated latent fingerprint identification using extended
minutia types,” Inf. Fusion, vol. 50, pp. 9-19, Oct. 2019.

Z. M. Kovacs-Vajna, “A fingerprint verification system based on trian-
gular matching and dynamic time warping,” IEEE Trans. Pattern Anal.
Mach. Intell., vol. 22, no. 11, pp. 1266-1276, Nov. 2000.

A. M. Bazen, G. T. Verwaaijen, S. H. Gerez, L. P. Veelenturf, and
B. J. V. D. Zwaag, “A correlation-based fingerprint verification system,”
in Proc. ProRISC Workshop Circuits, Syst. Signal Process., 2000,
pp. 1-10.

M. Tico and P. Kuosmanen, “Fingerprint matching using an orientation-
based minutia descriptor,” IEEE Trans. Pattern Anal. Mach. Intell.,
vol. 25, no. 8, pp. 1009-1014, Aug. 2003.

F. Benhammadi, M. N. Amirouche, H. Hentous, K. Bey Beghdad, and
M. Aissani, “Fingerprint matching from minutiae texture maps,” Pattern
Recognit., vol. 40, no. 1, pp. 189-197, Jan. 2007.

X. Chen, J. Tian, and X. Yang, “A new algorithm for distorted finger-
prints matching based on normalized fuzzy similarity measure,” /[EEE
Trans. Image Process., vol. 15, no. 3, pp. 767-776, Mar. 2006.

J. Feng, “Combining minutiae descriptors for fingerprint matching,”
Pattern Recognit., vol. 41, no. 1, pp. 342-352, Jan. 2008.

H. Xu, R. N. J. Veldhuis, A. M. Bazen, T. A. M. Kevenaar,
T. A. H. M. Akkermans, and B. Gokberk, “Fingerprint verification using
spectral minutiae representations,” IEEE Trans. Inf. Forensics Security,
vol. 4, no. 3, pp. 397409, Sep. 2009.

R. Cappelli, M. Ferrara, and D. Maltoni, “Minutia cylinder-code: A
new representation and matching technique for fingerprint recognition,”
IEEE Trans. Pattern Anal. Mach. Intell., vol. 32, no. 12, pp. 2128-2141,
Dec. 2010.

O. Tloanusi, A. Gyaourova, and A. Ross, “Indexing fingerprints using
minutiae quadruplets,” in Proc. CVPR WORKSHOPS, Jun. 2011,
pp. 127-133.

J. Khodadoust and A. M. Khodadoust, “Fingerprint indexing based
on minutiae pairs and convex core point,” Pattern Recognit., vol. 67,
pp. 110-126, Jul. 2017.

Authorized licensed use limited to: Tsinghua University. Downloaded on November 18,2020 at 01:16:16 UTC from IEEE Xplore. Restrictions apply.



1244

[27] G. Li, B. Yang, and C. Busch, “A score-level fusion fingerprint indexing
approach based on minutiae vicinity and minutia cylinder-code,” in Proc.
2nd Int. Workshop Biometrics Forensics, Mar. 2014, pp. 1-6.

F. Zhang, S. Xin, and J. Feng, “Combining global and minutia deep fea-
tures for partial high-resolution fingerprint matching,” Pattern Recognit.
Lett., vol. 119, pp. 139-147, Mar. 2019.

D. Song, Y. Tang, and J. Feng, “Aggregating minutia-centred deep con-
volutional features for fingerprint indexing,” Pattern Recognit., vol. 88,
pp. 397-408, Apr. 2019.

X. Fu, C. Liu, J. Bian, J. Feng, H. Wang, and Z. Mao, “Extended clique
models: A new matching strategy for fingerprint recognition,” in Proc.
Int. Conf. Biometrics (ICB), Jun. 2013, pp. 1-6.

X. Fu and J. Feng, “Minutia tensor matrix: A new strategy for fingerprint
matching,” PLoS ONE, vol. 10, no. 3, Mar. 2015, Art. no. e0118910.
I. Rocco, R. Arandjelovic, and J. Sivic, “Convolutional neural network
architecture for geometric matching,” in Proc. IEEE Conf. Comput. Vis.
Pattern Recognit. (CVPR), Jul. 2017, pp. 6148-6157.

M. Leordeanu and M. Hebert, “A spectral technique for correspondence
problems using pairwise constraints,” in Proc. 10th IEEE Int. Conf.
Comput. Vis. (ICCV), vol. 1, Oct. 2005, pp. 1482-1489.

F. L. Bookstein, “Principal warps: Thin-plate splines and the decompo-
sition of deformations,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 11,
no. 6, pp. 567-585, Jun. 1989.

B. Diiring, C. Gottschlich, S. Huckemann, L. M. Kreusser, and
C.-B. Schonlieb, “An anisotropic interaction model for simulating fin-
gerprints,” J. Math. Biol., vol. 78, no. 7, pp. 2171-2206, Jun. 2019.

K. Cao and A. Jain, “Fingerprint synthesis: Evaluating fingerprint search
at scale,” in Proc. Int. Conf. Biometrics (ICB), Feb. 2018, pp. 31-38.
Neurotechnology. VeriFinger. Accessed: Oct. 2020. [Online]. Available:
http://www.neurotechnology.com

J.-Y. Zhu, T. Park, P. Isola, and A. A. Efros, “Unpaired Image-to-Image
translation using cycle-consistent adversarial networks,” in Proc. [EEE
Int. Conf. Comput. Vis. (ICCV), Oct. 2017, pp. 2223-2232.

A. Paszke et al., “Automatic differentiation in pytorch,” in Adv. Neural
Inf. Process. Syst. (NIPS), 2017, pp. 1-4.

S. Yoon, J. Feng, and A. K. Jain, “Latent fingerprint enhancement via
robust orientation field estimation,” in Proc. Int. Joint Conf. Biometrics
(IJCB), Oct. 2011, pp. 1-8.

N. Otsu, “A threshold selection method from gray-level histograms,”
IEEE Trans. Syst., Man, Cybern., vol. 9, no. 1, pp. 62-66, Jan. 1979.

(28]

[29]

[30]

[31]

(32]

[33]

[34]

[35]

[36]
[37]

(38]

[39]

[40]

[41]

Shan Gu (Student Member, IEEE) received the
B.S. degree from the Department of Automation,
Tsinghua University, Beijing, China, in 2012, where
she is currently pursuing the Ph.D. degree with the
Department of Automation. Her research interests
include fingerprint recognition, computer vision, and
pattern recognition.

Jianjiang Feng (Member, IEEE) received the
B.Eng. and Ph.D. degrees from the School of
Telecommunication Engineering, Beijing Univer-
sity of Posts and Telecommunications, China,
in 2000 and 2007, respectively. From 2008 to 2009,
he was a Post-Doctoral Researcher with the PRIP
Laboratory, Michigan State University. He is cur-
rently an Associate Professor with the Department
of Automation, Tsinghua University, Beijing. His
research interests include fingerprint recognition and
computer vision. He is an Associate Editor of Image
and Vision Computing.

IEEE TRANSACTIONS ON INFORMATION FORENSICS AND SECURITY, VOL. 16, 2021

Jiwen Lu (Senior Member, IEEE) received the
B.Eng. degree in mechanical engineering and
the M.Eng. degree in electrical engineering from
the Xi’an University of Technology, Xi’an, China,
in 2003 and 2006, respectively, and the Ph.D. degree
in electrical engineering from Nanyang Technologi-
cal University, Singapore, in 2012. He is currently an
Associate Professor with the Department of Automa-
tion, Tsinghua University, Beijing, China. His cur-
rent research interests include computer vision, pat-
tern recognition, and machine learning. He has
authored/coauthored over 200 scientific papers in these areas, where 60 of
them are IEEE TRANSACTIONS papers (including 11 T-PAMI papers) and
40 of them are CVPR/ICCV/ECCV/NIPS papers. He is a member of the
Multimedia Signal Processing Technical Committee and the Information
Forensics and Security Technical Committee of the IEEE Signal Process-
ing Society, and a member of the Multimedia Systems and Applications
Technical Committee of the IEEE Circuits and Systems Society. He also
served as the Workshop Chair/Special Session Chair/Area Chair for more
than 20 international conferences, such as ICIP, ICPR, ICME, ACCYV, and
WACYV. He was a recipient of the National 1000 Young Talents Program of
China in 2015, and the National Science Fund of China for Excellent Young
Scholars in 2018. He serves an Associate Editor for several international
journals, including the IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS
FOR VIDEO TECHNOLOGY, the IEEE TRANSACTIONS ON BIOMETRICS,
BEHAVIOR, AND IDENTITY SCIENCE, and Pattern Recognition.

Jie Zhou (Senior Member, IEEE) received the B.S.
and M.S. degrees from the Department of Mathemat-
ics, Nankai University, Tianjin, China, in 1990 and
1992, respectively, and the Ph.D. degree from the
Institute of Pattern Recognition and Artificial Intel-
ligence, Huazhong University of Science and Tech-
nology, Wuhan, China, in 1995. From 1995 to
1997, he was as a Post-Doctoral Fellow with the
Department of Automation, Tsinghua University,
Beijing, China, where he has been a Full Professor

5 with the Department of Automation since 2003.
In recent years, he has authored over 100 papers in peer-reviewed journals
and conferences. Among them, over 40 papers have been published in top
journals and conferences, such as the IEEE TRANSACTIONS ON PATTERN
ANALYSIS AND MACHINE INTELLIGENCE, the IEEE TRANSACTIONS ON
IMAGE PROCESSING, and CVPR. His current research interests include
computer vision, pattern recognition, and image processing. He received the
National Outstanding Youth Foundation of China Award. He is an Associate
Editor of the IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE
INTELLIGENCE, the International Journal of Robotics and Automation, and
two other journals.

Authorized licensed use limited to: Tsinghua University. Downloaded on November 18,2020 at 01:16:16 UTC from IEEE Xplore. Restrictions apply.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Black & White)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /AdobeArabic-Bold
    /AdobeArabic-BoldItalic
    /AdobeArabic-Italic
    /AdobeArabic-Regular
    /AdobeHebrew-Bold
    /AdobeHebrew-BoldItalic
    /AdobeHebrew-Italic
    /AdobeHebrew-Regular
    /AdobeHeitiStd-Regular
    /AdobeMingStd-Light
    /AdobeMyungjoStd-Medium
    /AdobePiStd
    /AdobeSansMM
    /AdobeSerifMM
    /AdobeSongStd-Light
    /AdobeThai-Bold
    /AdobeThai-BoldItalic
    /AdobeThai-Italic
    /AdobeThai-Regular
    /ArborText
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /BellGothicStd-Black
    /BellGothicStd-Bold
    /BellGothicStd-Light
    /ComicSansMS
    /ComicSansMS-Bold
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /Courier-Oblique
    /CourierStd
    /CourierStd-Bold
    /CourierStd-BoldOblique
    /CourierStd-Oblique
    /EstrangeloEdessa
    /EuroSig
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Helvetica
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Oblique
    /Impact
    /KozGoPr6N-Medium
    /KozGoProVI-Medium
    /KozMinPr6N-Regular
    /KozMinProVI-Regular
    /Latha
    /LetterGothicStd
    /LetterGothicStd-Bold
    /LetterGothicStd-BoldSlanted
    /LetterGothicStd-Slanted
    /LucidaConsole
    /LucidaSans-Typewriter
    /LucidaSans-TypewriterBold
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MinionPro-Bold
    /MinionPro-BoldIt
    /MinionPro-It
    /MinionPro-Regular
    /MinionPro-Semibold
    /MinionPro-SemiboldIt
    /MVBoli
    /MyriadPro-Black
    /MyriadPro-BlackIt
    /MyriadPro-Bold
    /MyriadPro-BoldIt
    /MyriadPro-It
    /MyriadPro-Light
    /MyriadPro-LightIt
    /MyriadPro-Regular
    /MyriadPro-Semibold
    /MyriadPro-SemiboldIt
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /Symbol
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Webdings
    /Wingdings-Regular
    /ZapfDingbats
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 300
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 900
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.33333
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /Unknown

  /CreateJDFFile false
  /Description <<
    /ENU ()
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


