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Abstract—Fingerprint pose estimation is a challenging prob-
lem since the pose is not defined by salient anatomical features
and fingerprint images usually suffer from noise and small area.
In this article, we proposed a method for joint estimation of pose
and singular points of fingerprints, with the expectation that the
pose and singular points can improve each other. By virtue of that
singular points can be located accurately, we hope to improve the
accuracy of pose estimation. Meanwhile, the robustness of pose
estimation can improve the anti-noise performance of singular
point detection. To achieve this, we propose a multi-task deep
neural network, which contains a feature extraction body and
two estimation heads for singular point and pose respectively. The
proposed network can deal with various types of fingerprints,
including plain, rolled and latent fingerprints. Experiments on
four databases (NIST SD4, SD14, SD27 and FVC2004 DB1A)
show that (1) the estimated poses and detected singular points are
close to manual annotations despite of different image qualities;
(2) the estimated poses for mated fingerprint pairs are consis-
tent; and (3) the proposed pose estimation method outperforms
state-of-the-art methods while utilized as pose constraint for a
fingerprint indexing algorithm.

Index Terms— Fingerprint recognition, pose estimation, singu-
lar points detection, deep neural networks, multi-task learning.

I. INTRODUCTION
UTOMATIC fingerprint recognition systems are based
on extraction and matching of various features in finger-
prints [1]. These features are usually grouped into three levels
from global to local. At the global level, namely level-1, the
features are used to describe how the ridges run generally,
like orientation fields and singular points. At the local level,
namely level-2, the features can describe the fingerprint more
precisely, such as ridge skeletons and minutiae. Image with a
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quite high resolution is needed (at least 500 ppi) for such
features. At the finest level, namely level-3, features that
describe the fingerprint even more precisely can be extracted,
such as ridge contours and pores, and we need a image with an
even higher resolution (e.g. 1000 ppi) to extract such features.
In general, these features of different levels are extracted in
a hierarchical order, from global to local [2].

Compared to the common features above, the pose of
fingerprints is a relatively under-researched topic [3]. The pose
of a fingerprint is given by the position of fingerprint center
(x,y) and the fingerprint direction 8 (see examples in Fig. 1).
It defines the internal coordinate system to describe where the
whole fingerprint locate at a very global level, thus it can be
considered to be a level-0 feature of a fingerprint. One of the
oblivious usages of fingerprint pose is to improve the speed
and accuracy of fingerprint matching, which is very impor-
tant for large-scale fingerprint identification systems [4]—[6].
Another usage of fingerprint pose which have received less
attention is that after alignment by the pose, statistical charac-
teristics based on different positions of fingerprint can be used
to improve the anti-noise performance of extracting features
at finer levels [3].

In fact, for most other biometrics like face [7], palm [8],
iris [9] and gait [10], pose estimation is a key step in recog-
nition. Most pose estimation methods for these biometrics
are based on landmarks, such as eyes, nose tips or joints.
However, unlike other biometrics, fingerprints lack anatomical
landmarks. Fingerprint direction can be defined to be normal to
the knuckle (as shown in Fig. 1), which is usually not available
in fingerprint images however. Therefore almost all fingerprint
matching algorithms align two fingerprints relatively during
the matching process, called pre-registration, rather than align
all fingerprints to a standard coordinate system, which is
a common practice in face recognition. Also, most feature
extraction algorithms do not utilize the statistical characteris-
tics in different regions of fingerprints.

Yang et al. proposed a definition of fingerprint pose [3],
which utilized several information in an integrated way, includ-
ing knuckles, the orientation fields near knuckles and singular
points. Based on this definition, several researchers proposed
methods for fingerprint pose estimation [3], [6], [11] and
utilized the estimated pose for orientation field estimation and
fingerprint indexing. However, these methods fail to consider
singular points explicitly, which is the base in the definition
of pose. As a result, poses estimated by these methods
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Fig. 1. Two examples of pose and singular points of fingerprints. (a) and
(c): photograph of finger obtained by a smartphone camera; (b) and (d):
corresponding fingerprint image obtained by an optical fingerprint sensor. The
pose and singular points are manually labeled. The red circle indicates the
center of fingerprint, the red line points to the direction, the green circles
indicate core points and the blue triangles indicate delta points. Note that
photograph and impression of a fingerprint are flipped.

are not precise even for some good quality fingerprints and
may be inconsistent among different images of the same
finger.

There is a strong correlation between fingerprint pose and
singular points. For example, the definition of fingerprint
pose in [3] is based on singular points, except for plain
arch fingerprints. In addition, when fingerprint pose is known,
the distribution of singular points is regular [12]. Also, the
strengths and weaknesses of singular points and pose esti-
mation can be complementary. Conventional singular point
detection methods are very sensitive to local noise and muti-
lation, while the pose of a fingerprint can be estimated by
the global information. On the other hand, the pose, which is
hard to estimate precisely using only global information, can
be inferred more accurately by the known singular points.

In this article, considering the relationship between singular
points and pose of a fingerprint, we propose a network to
solve singular point detection and pose estimation at the same
time. To the best of our knowledge, the proposed network
architecture is the first method that can deal with various
types of fingerprint impressions, including plain, rolled and
latent fingerprints. In particular, thanks to the fully-connected
(FC) layers, the proposed network can deal with partial
fingerprints whose centers are invisible in the image. Exper-
imental results show that the proposed method outperforms
state-of-the-art methods in four different databases, covering
rolled fingerprints (NIST SD4 and SD14), plain fingerprints
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(FVC2004 DB1A), and latent fingerprints (NIST SD27).! We
evaluate our results in three aspects: (1) the deviation from
ground truth; (2) the the deviation of mated minutiae pairs
after registered to the same coordinate system by estimated
pose; and (3) the fingerprint indexing results by the same
algorithm with different pose constraint. All the experiments
show the improvements of the proposed method. More detailed
explanation will be discussed in the experiment part. All the
estimated poses used for testing the algorithm are uploaded
along with the evaluation codes. Researchers can get the codes
and the results as a benchmark for fingerprint pose estimation
at https://github.com/luffyyqh/FPSNet.

The rest of this article is organized as follows: Section II
reviews related works including singular point detection,
pose estimation methods and deep learning based extrac-
tion methods for other fingerprint features. The proposed
method is then illustrated in Section III, followed by imple-
mentation details explained in Section IV. Section V shows
qualitative and quantitative experiment results. And finally,
we summarize this article and come to the conclusion
in Section VI.

II. RELATED WORKS
A. Pose Estimation

A main application of fingerprint pose is to serve as a
common coordinate system to facilitate fingerprint matching.
Before [3], researchers proposed several definitions of pose
by taking other points as center and corresponding detection
methods. We first review these methods in the following part,
and then review the pose estimation methods based on the
definition of [3]. Finally we review representative relative
registration approaches.

1) Point Detection Based Approaches: The first category
of pose estimation approaches is based on detecting certain
special points which are universal in fingerprints of various
patter types. Singular points are most commonly used in
these methods. For example, Bazen and Gerez [13], Nilsson
and Bigun [14] use the upper core point as reference point.
Also, some other types of points are proposed for reference.
Liu et al. [15] locate the reference point by multi-scale analy-
sis of the orientation consistency. Focal point, defined as the
crossing point of normal lines to ridges, is used in [16].
When dealing with rolled fingerprints with large area, the
barycenter of the foreground region is also used by some
researchers [12]. These approaches require good image quality
to detect reference point precisely, thus can not deal with latent
fingerprints. Yoon et al. [17] detect the point with maximum
curvature of convex ridge structure, where the orientation
fields are reconstructed by minutiae. Deerada et al. [18] pro-
posed a systematic feedback approach to remedy the corrupted
information and can estimate a reliable pose of latent finger-
prints. These methods can reduce the impact of noise, but they
still rely on the features around the fingerprint center, thus
they cannot deal with fingerprints with missing center region

properly.

INIST Special Databases 4, 14 and 27 were previously publicly available.
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2) Object Detection Based Approaches: These methods take
the whole fingerprints into consideration and try to learn where
the center locate at and to what direction the fingerprints point
to. Su et al. [6] trained a set of SVM classifiers for different
directions. When a sliding window slides across the whole
fingerprint image, the histogram of ridge orientations are
extracted as features and the classifiers attempt to tell whether
it is a fingerprint of corresponding direction and where the
center is. Ouyang ef al. [11] is the first to apply deep learning
to the topic of fingerprint pose estimation. They treat the pose
estimation as a task of object detection, where fingerprints with
different directions are treated as different objects, and train a
faster R-CNN [19] to solve it. Similar with Ouyang et al. [11],
Schuch et al. [20] trained a CNN to estimate a fingerprint’s
angle in an unsupervised way. These methods consider the
whole fingerprint image and then extract features, thus are
more robust than point detection based methods. However,
they still cannot solve the problem of missing area, which is
common in latent fingerprints. Yang ef al. [3] proposed a pose
estimation method based on Hough transform. In the off-line
learning step, a set of prototype orientation patch dictionary
along with the spatial distribution is learnt. In the on-line step,
the initial orientation field of the query fingerprint is cut into
patches and vote for the location of center based on the learnt
dictionary. The direction is estimated by rotating the query
fingerprint and finding the maximum voting score. Cao and
Jain [5] first adopt the method in [17] to detect the fingerprint
center and then searching the optimal direction by minimizing
the difference between query fingerprint orientation field and
one of the orientation field dictionary elements. Such idea is
also adopted by Yin ef al. [21], who also used orientation
field for pose estimation. The initial orientation field of the
query fingerprint is used to find the nearest reference one in
a pre-aligned database by exhaustive search, and the corre-
sponding transformation is recorded to get the pose of the
query fingerprint. These approaches can overcome the limits
of detection based methods since even the center region is
missing, the other regions of fingerprint can make up for
it and provide some information. However, the features are
handcrafted, like orientation fields and spatial distribution. The
descriptive ability can be improved by deep learning method,
which is exactly what we propose in this article. The proposed
method can also be classified into this category.

3) Relative Registration Approaches: Relative registration is
aimed at computing the spatial transformation between a pair
of fingerprints. As a key step in fingerprint matching, many
relative registration algorithms have been proposed, such as
orientation field based registration [22], minutiae-based regis-
tration [23], and ridge-based registration [24]. Pose estimation
belongs to absolute registration, which operates on a single
fingerprint rather than a pair of fingerprints.

B. Singular Point Detection

Singular points are Level-1 features of fingerprints where
the orientation fields change rapidly, they are invariant to trans-
lation, rotation, enlargement, and shrinking so that can be used
in fingerprint pattern classification and alignment for matching.
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Here we simply introduce some famous conventional methods
of singular points detection.

1) Rules Based Approaches: The rules based methods focus
on the orientation fields around a point to judge whether it
is a singular point or not. The most common method is the
Poincare index [25]. It takes the values 7, —z and O for cores,
deltas and ordinary points respectively. Bazen and Gerez [13]
made use of 2-dimensional filters based on Poincare index for
singular points detection. Zhou et al. [26] proposed a novel
DORIC feature to remove the fake singular points detected
by Poincare index. Nilson and Bigun [14] adopted complex
filtering directly to the orientation fields in multiple resolutions
to detect singular points. Tiwari and Gupta [27] located
the singular points by devising the concept of meandering
energy potential on the skeleton image of fingerprint. Khan
[28] proposed a CNN model to classify fingerprint into five
different classes, and then fed fingerprint patches to a mini
classifier to extract the singular points.

2) Model Based Approaches: Another category of singular
point detection methods are model based. Instead of using
local information around a certain point, these methods build
different models and try to calculate the parameters, which can
further locate where the singular points are, such as Zero-pole
model [29] or FOMFE [30].

These methods also rely on handcrafted features, which
are sensitive to noise. Fortunately, we find some conventional
methods can be easily adapted to deep learning method, for
example, the complex filtering in [14] can be seen as a set of
convolution layers. Thus we propose an deep neural network
to extract singular points in this article.

C. Feature Extraction by Deep Neural Networks

In the recent years, deep learning has shown its great ability
in many area of computer vision. Thus, an increasing number
of researchers have tried to use deep neural networks to
fingerprint recognition, especially in the feature extraction step
to solve the problems where traditional algorithms failed. Cao
et al. [31] proposed an orientation field estimation method,
following the idea of dictionary based approach [32] but
replacing the look-up step by a convolution neural network
(CNN). Schuch et al. [33], [34] treated the problem of orien-
tation field estimation as a classify task and adopted a fully
convolution network (FCN) and deep expectation for it. Tang
et al. [35] proposed a unified network called FingerNet for
minutiae extraction, along with orientation field estimation,
segmentation and fingerprint enhancement. Nguyen et al. [36]
improved FingerNet and proposed MinutiaeNet by moderating
the backbone of the network and design a new network to
further judging the quality of extracted minutiae. These deep
learning based methods indicate great potential of utilizing
deep neural networks (DNN5) to the fingerprints, which is an
important motivation of the proposed method.

III. PROPOSED METHOD
A. Definition of Fingerprint’s Pose

Unlike minutiae and singular point, fingerprint pose is not
a local feature, whose definition is not oblivious. In this
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Fig. 2. Examples of the definition of fingerprint’s pose. The red circle
represents the defined center and the red line points at the defined direction.
the green circle and blue triangle represents the core and delta points.
(a)-(f) show six kinds of fingerprints with different number of singular points,
separately. (a): a plain arch fingerprint with no singular points; (b): a tented
arch fingerprint with one core and one delta; (c): a left loop fingerprint with
one core and one delta; (d): a right loop fingerprint with one core and one
delta; (e): a whorl fingerprint with two cores and two deltas; (f): a twin loop
fingerprint with two cores and two deltas. The fingerprints are from NIST
SD4.

work, to make comparison between other state-of-the-art
methods more convincing, we follow the definition proposed
by Yang et al. [3], which is also adopted in [6], [11]. The
fingerprint’s direction is perpendicular to the knuckle or the
ridges located at the bottom area of the fingerprint, while
the fingerprint’s center depends on singular points available
(Fig. 2):

1) For fingerprints with no singular points, namely plain
arch fingerprints, we first locate the uppermost ridge
which is parallel with the knuckle, and then draw a
perpendicular to it crossing the point with maximum
curvature. The center of the fingerprint is defined as the
midpoint of the point with maximum curvature and the
foot of the perpendicular (Fig. 2(a)).

2) For fingerprints with one core and one delta points,
such as tented arch, left loop and right loop fingerprints,
we first draw a line crossing the core point and parallel
with the direction of the fingerprint, and then draw a
perpendicular to it crossing the delta point. The center
of the fingerprint is defined as the midpoint of the core
point and the foot of the perpendicular (Fig. 2(b)-(d)).

3) For fingerprints with two core points, such as whorl
and twin loop fingerprints, the center is defined as the
midpoint of the two core points (Fig. 2(e)-(f)).

Although the ideal definition of fingerprint pose should be

based on the 3D shape of the finger, which is not available,
we have to rely on the fingerprint image. Thanks to the
strong correlation between fingerprint ridge pattern and the
finger shape [37], this definition is reasonable and have a high
consistency of manual annotation.

B. Network Architecture

The basic idea of pose estimation is inspired by the
Hough-Voting method [3]. Suppose that we have extracted the
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Fig. 3. Examples of missing center in a fingerprint. The red dot is manually
labeled center and the red line point at the direction (ground truth). The blue
line indicates the contour of the fingerprint. (a) and (b) are latent fingerprints
from NIST SD27 while (c) is a plain fingerprint from FVC2004 DB1A. Note
that the center is out of the area of the fingerprint, thus it is difficult to learn
from the neighbour to judge whether a pixel is the center or not.

orientation field from the query fingerprint, which has been
studied by several researchers, the orientation patches from
every region will vote for the fingerprint center. In other words,
each pixel in the feature map should have a connection to the
output. Thus a fully-connected (FC) module is adopted.

There is another reason for us to choose FC layers
instead of fully convolution networks (FCNs), which is more
frequently-used in computer vision and easier to train. Due
to lack of regions of latent fingerprints, the center may be
missing in the fingerprint image. Subject to limited receptive
fields of convolution layers, FCNs cannot deal with such cases
well. Fig. 3 shows some examples.

It is much easier to deal with singular points. Nilson and
Bigun’s method [14] has shown the prospect that singular
points can be calculated by convolution of the orientation
fields with filters, which can be implemented as a convolution
module into the network.

Based on the analysis above, we propose a deep neural
network for joint pose estimation and singular point detection.
The network consists of four main parts: the feature extraction
body part aims to extract features at different locations of a
fingerprint, the singular point head calculates the probability
of cores and deltas, the attention module selects where the
features are meaningful for pose estimation, and the pose esti-
mation head simulates the voting procedure by fully connected
layers. The architecture of the whole network is illustrated in
Fig. 4.

1) Body of Proposed Network: There are several existing
networks designed for fingerprint orientation field estimation
and some have achieved excellent results. In this work,
we choose the orientation estimation part of FingerNet [35]
as the body of our proposed network. Specifically, the feature
extraction body has 3 conv-pooling blocks, each block contains
a few convolutional blocks followed by a max-pooling layer
and each convolutional block consists of a convolution layer,
a BatchNorm layer [38] and a PReLU layer [39]. After that,
ASPP-Net [40] is adopted for multi-scale solution. And at last,
a N-dimension feature map is regressed as the final estimation.

2) Singular Point Detection Head: This part aims to cal-
culate the probability of singular points from the features
extracted by the body part. It contains two heads, one for
cores and the other for deltas. Each head has 2 convolutional
blocks and a 1 x 1 convolution layer, followed by a sigmoid
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Fig. 4. The flowchart of our proposed network. There are four main modules: the body of feature extraction, two SP heads, the attention module and the
pose estimation head. Blocks with different colors refer to different layers, the numbers under convolution layers indicate the number of channels.

layer. Each head outputs a heatmap, whose resolution is 1/8
of the fingerprint image and is the same as the feature map
from the body. The values in the heatmap range from O to 1,
representing the probability that there is a singular point in the
corresponding 8 x 8 block in the fingerprint image. Also, the
heatmaps are combined with the feature map from the body
part and be sent to the final pose estimation head.

3) Attention Model: Before voting, an additional attention
model part [41] is adopted to give foreground pixels more
weight while voting. Although FingerNet also has a segmenta-
tion part that can be utilized for the same goal, the performance
of segmentation by FingerNet is not good enough for latent
fingerprints, and that may lead to wrong pose estimation. The
attention model consists of a convolutional block described
above, followed by a conv layer and an activation function.
The output of attention model is used as a mask and multiplied
with the feature map given by the body.

4) Pose Estimation Head: Two fully-connected (FC) layers
are adopted to estimate the location of the center and the
direction separately. The native idea is to treat the problem as
a classification task. The output should be a heatmap A.(x, y)
for finger center and a heatvector A4(@) for finger direction.
Unfortunately, it is difficult to utilize the fully-connection
directly to get a heatmap indicating center of the input
fingerprint due to very high dimensionality. Suppose the image
size of the fingerprint is 480 x 512, the size of the feature
map given by the body will be 60 x 64 x 90. In case that
the size of heatmap is 8 times smaller than the input image,
the size will also be 60 x 64. Coupled with 13 directions, the
number of parameters in the FC layer will be over 100 billion,
which is impossible to train. There must be a way to reduce
the dimension.

Given the
calculate  the

and the
estimation

heatvector,
by an

we can
expectation

heatmap
final

way:

#9) = D (rx Ac(x,y), y* Ac(x, )

X,y

0= 0%A40).
[

(1
)

where A.(x,y) indicates the heatmap of center and A;(0)
indicates the heatvector. (x, y) are the coordinates across the
heatmap while ¢ is the angle for each binned value in the
heatvector. (X, y) and 0 are calculated center’s coordinates and
the angle of the fingerprint by expectation, respectively.

Note that all the computations are linear, we can merge
the parameters in FC layers to reduce dimensions. As a result,
we define the task of pose estimation as a regression task. The
output layer for center estimation has 2 neurons, representing
the coordinate of the center, while the output layer for direction
estimation has 1 neuron.

IV. IMPLEMENTATION DETAILS
A. Data Preparation

Since FC layers are utilized in the proposed network, the
size of input image is fixed. However the image size of
different database differs. The images size in NIST SD4 is
fixed at 480 x 512, while the image size in NIST SD14
and NIST SD27 is fixed at 768 x 800 and the image size
in FVC2004 DB1A is fixed at 480 x 640. Thus we select and
manually label 2000 fingerprints in NIST SD4 for training and
design a simple cropping strategy for fingerprints from other
databases:

1) Gaussian Blur with a quite large kernel (empirically 19

x 19) is carried out to the fingerprint image.
2) The blurred image is then processed with open operation

(an operator in grayscale morphology, the kernel size is 5
x 5) to fill holes.
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TABLE I
THE DATABASES USED IN THE EXPERIMENTS

Database Contents Fingerprint Type Usage

2000 file fingerprints Trainin
NIST SD4 2000 search ﬁ%lgelz)rprints Rolled Testingg
NIST SD14 Last 2700 pairs of fingerprints Rolled Testing
NIST SD27 All 258 pairs of fingerprints Rolled and Latent | Testing
Hisign Latent Database 200 latent fingerprints Latent Training
FVC2004 DBIA All 800 fingerprints Plain Testing

3) The centroid of the processed image is calculated and
the original image is cropped to the fixed size (480 x
512) centered on the calculated centroid.

For latent fingerprints, we use the latents in Hisign Latent
Database for training. Since some latent fingerprints may
miss their singular points due to noise background or being
partial, we first estimate the pose of mated rolled fingerprints,
and transform the pose to latent fingerprints by Thin Plate
Spline (TPS) [42] with manually marked mated minutiae as
controlling points. Manual adjustment is followed for a more
accurate ground truth. 100 latents in total are manually marked
in this way. Note that although the image size differs between
Hisign Database (512 x 512) and NIST SD27 (768 x 800),
the same cropping strategy cannot be used on latents in NIST
SD27 because of the poor quality. We cropped the latents in
NIST SD27 to 512 x 512 manually to ensure the fingerprint
is contained in the cropped image.

Data augmentation is also used while training. We randomly
shift and rotate the training images at each epoch of training.
The image is shifted in range of 1/4 length and width of image
and rotated in range of -30 to 30 degrees.

B. Training

Thanks to that the body of proposed network is pretrained
by Tang et al. [35] and the pretrained model is open source,
the training procedure is greatly simplified. We directly train
the whole network in the end-to-end way.

L2-Loss is chosen as the loss function of regression output
for pose estimation and Cross Entropy Loss is chosen for the
singular point detection heads.

Lay = Lp(pése, pose) + 4 % (Lcg (he, he) + Leg(has ha))
©)

where pose is the output of pose estimation head, he and
hy are heatmaps of cores and deltas output by SP estimation
heads, while the others represent ground truths.

Adam optimizer [43] is adopted for training. The hyper
paremetres are set to: L, = le — 4, f = 0.9, o = 0.999,
€ = le — 8, empirically.

C. Prior Knowledge for Singular Point Detection

Though both singular point and minutiae detection can be
seen as key point detection, there is still some difference
between them. One important feature of singular points is that
one fingerprint have only up to two pairs of singular points.
Thus, instead of setting threshold for point detection, we can

improve the results by adding a simple prior knowledge in
the following way. Two pixels with the highest probability
are selected from the heatmaps of cores and deltas, the
probability is ¢1, ¢2, d1, d» respectively. The threshold is set to
T. We calculate the total probability that the query fingerprint
has 0, 1 and 2 pairs of singular points:

Po= > (T —c))+ (T —dy)

=4T —c1 —cry —dy — dy
Pr=(1=T)+d —T)+ (T —c2) + (T —da)
=c—ca+td—d
Py=> (c;i=T)+(d—T)
i

=c1+c+d +dy—4AT “4)

The highest probability P is selected as the final result.
In other words, no singular points are detected if Py is biggest,
one core and one delta with the highest probability are detected
if Py is biggest, and both pixels are detected if P, is biggest.
Also, for latent fingerprints, due to lack of regions, such prior
knowledge is not valid. The traditional threshold strategy is
used.

V. EXPERIMENTS

In order to evaluate the proposed method quantitatively,
we carry out several experiments to compare our result with
state-of-the-art ones in different aspects. Firstly, we compare
the deviation between estimated pose and the ground truth.
Secondly, we align the mated fingerprints to the same coor-
dinate system by estimated pose and compare the deviation
between mated minutiae. And thirdly, we utilize a finger-
print indexing algorithm with pose constraint [6] to evaluate
whether an estimated pose is precise or not. We also evaluate
the singular point detection results by comparing with the
commercial SDK VeriFinger, and then analyze the relationship
between pose estimation and singular point detection. The
databases used in the experiments are shown in Table I. Some
examples are shown in Fig. 5.

A. Deviation From Ground Truth

For rolled fingerprints, we compare our method with two
state-of-the-art methods proposed by Su et al. [6] and Ouyang
et al. [11] First, we compare the pose estimation results quali-
tatively. Fig. 6 shows some examples on different fingerprints.
As observed, the pose estimated by the proposed method is
nearer to the ground truth, the direction is also more precise.
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(e)

Fig. 5. Fingerprints from different databases: (a) NIST SD4; (b) NIST SD14;
(c) NIST SD 27; (d) Hisign Latent Database; (e)-(f) Different impressions of
the same fingerprint in FVC2004 DBIA. Fingerprints used for training are
shown along with the ground truths. The red dot indicates the center while
the line point at the direction. The green circles indicate cores and the blue
triangles indicate deltas.

For plain fingerprints, Ouyang’s method seems to fail on
fingerprints in FVC2004 as they mentioned in [11], so we
only compare our methods with Su’s method. Fig. 7 shows
some examples. The advantage of the proposed method is still
obvious.

To make the comparison more convincing, we manually
labeled the ground truth pose of last 50 pairs of fingerprints
in NIST SD14 and calculate the deviation of the estimated
pose. The results are shown in Table II. The improvement
of estimated center is obvious, the mean deviation drops to
15.54 pixels, almost half the state-of-the-art method. Though
the improvement of estimated direction is not as obvious as the
estimated center, the mean deviation still drops over 1 degree.

B. Evaluation by Mated Minutiae Pairs

For a pair of mated fingerprints, the mated minutiae should
be close to each other after registration to the standard
coordinate system. Thus, we can use the mean deviation of
mated minutiae pairs to evaluate the performance of different
pose estimation methods.

1473

o
R.INDEX

(@) ' () ' ©

Fig. 6. The results of three methods for pose estimation on rolled fingerprints:
(a) Su et al. [6]; (b) Ouyang et al. [11] and (c) proposed method; The top
two rows are from NIST SD4 and the bottom two rows are form NIST SD14.
The red circle indicates the estimated center while the red line points at the
estimated direction. We also show the singular points detected by the proposed
method in column (c), where green circles indicate cores and blue delta
indicate deltas. To make the comparison more oblivious, we also manually
label the ground truth in blue.

R. INDEX

(b)

Fig. 7. The results of two methods for pose estimation on plain fingerprints:
(a) Su et al. [6]; (b) proposed method; The fingerprints are from FVC2004
DBI1A. The red circle indicates the estimated center while the red line points
at the estimated direction. Here we also show the singular points detected by
the proposed method in colomn (b) and the manually labeled pose for a better
comparison.

Similar to the steps described in [11], we first extract minu-
tiae from the mated fingerprints by the commercial software
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(d

The empirical cumulative distribution curves of mean location and direction deviation between mated minutiae pairs after registration by different

pose estimation algorithms.. (a) and (b): the location and direction deviation of the 2000 pairs in NIST SD4; (c) and (d): the location and direction deviation

of the last 2700 pairs in NIST SD14.

TABLE I

THE MEAN DEVIATION BETWEEN ESTIMATED POSE AND GROUND TRUTH
OF LAST 100 FINGERPRINTS IN NIST SD 14

method outperforms the existing two pose estimation methods.
Of the 2000 pairs of fingerprints in NIST SD4, about 97%
pairs have the location deviation less than 45 pixels and

Method Deyiatioq of ] De.viation of
location (pixels) | direction (degrees)
Su et al. [6] 31.53 6.65
Ouyang et al. [11] 29.62 2.65
Proposed 15.54 1.45

the direction deviation less than 8 degrees. It is of great
significance to fingerprint indexing for that the mean width
of a ridge is about 9 pixels, after registration with the pose

VeriFinger, then the matching minutiae pairs are detected
by the MCC method [44]. Second, the poses are estimated
by the pose estimation method and the mated fingerprints
are registered to the same coordinate system. Finally, the
location and direction deviations of each minutiae pairs are
calculated, and the mean deviation can be used to evaluate the
performance of pose estimation.

Fig. 8 shows the results on NIST SD4 and NIST SD14,
respectively. As we can observe from the curves, the proposed

estimated by our method, the mated minutiae are close enough.
Based on this, we can easily delete those impostors in order
to get a better indexing performance, which is to be discussed
in the following section. Compared to the two state-of-the-art
methods, only 92% and 88% pairs achieve the same level. The
experiments on NIST SD14 show the similar results, with a
little drop on the superiority of our proposed method.

Here we also evaluate the proposed method on latent
fingerprints in NIST SD27. Different from rolled fingerprints,
latent fingerprints are usually noisy and lack of regions. Thus
the two pose estimation methods [6] and [11] both fail on
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Fig. 10.
last 2700 pairs of fingerprints in NIST SD14.

TABLE III

THE AVERAGE TIME CONSUMPTION (MS) OF INDEXING ONE QUERY
FINGERPRINTIN NIST SD14

Method Loose constraints | Tight constraints
No pose 42.34 14.40
Su et al. [6] 24.43 13.79
Ouyang et al. [11] 24.93 15.17
Proposed 24.50 15.23

the latent fingerprints. We compare our method with the
method of Yang et al. [3]. The mated minutiae are manually
marked.

The experimental results on NIST SD27 are shown in Fig. 9.
As observed, our proposed method outperforms Yang et al.’s
method with less deviation in location. About 88% fingerprints
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The empirical cumulative distribution curves of mean location (a) and direction (b) deviation between mated minutiae pairs of all 258 pairs of
fingerprints in NIST SD27 after registration by two pose estimation algorithms.
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The indexing results with different pose constraints by different pose estimation methods on (a) 2000 pairs of fingerprints in NIST SD4; (b) the

have a mean deviation in location less than 50 pixels (about
the width of 5 ridges) with the pose estimated by the proposed
method, while only 75% fingerprints achieve the same level
with the pose estimated by Yang et al.’s method. Meanwhile,
our method also outperforms a little better than Yang ef al.’s
method in direction.

C. Evaluation by Fingerprint Indexing

As mentioned above, the final goal of pose estimation is to
better the performance of fingerprint indexing, thus we further
carry out the indexing experiment to evaluate our proposed
method.

The indexing algorithm in [6] is used in the experiments.
Although Cao and Jain have proposed a better indexing
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TABLE IV

THE SINGULAR POINT DETECTION RESULTS ON
(A) NIST SD27L AND (B) NIST SD27F

Method Precision | Recall | Fl-score
VeriFinger 0.82 0.60 0.69
Proposed 0.88 0.69 0.77
a
Method Precisio(n) Recall | Fl-score
VeriFinger 0.954 0.931 0.942
Proposed 0.964 0.929 0.946
(b)

algorithm in [5], the training data they used to train the
network is not public and it is not simple to add restrictions
of poses, thus we adopt the former indexing algorithm.

In the indexing algorithm, MCC descriptor is used for
judging how similar two minutiae from two fingerprints are
and calculate a matching score. In the off-line period, firstly,
the pose of each gallery fingerprint is estimated and then the
fingerprint is registered to the standard coordinate system.
Secondly, the MCC descriptors of all minutiae are extracted
and locality sensitive hashing is used to generate index table.
In the on-line period, analogously, the pose of the query
fingerprint is first estimated and then the query fingerprint is
registered to the same coordinate system. After that, the MCC
descriptors are extracted and transformed into index terms.
Different from the original indexing algorithm, we add extra
pose restrictions that only minutiae which are close enough
are considered, namely, those have deviation less than location
threshold e; and direction threshold ey are available and vote
for the final indexing score.

In this experiment, we set ¢, = 200,e9 = 40 as loose
constraints, ¢; = 60, eg = 10 as tight constraints.

Fig. 10 shows the indexing results of indexing with loose
and tight pose constraints by 3 pose estimation methods on
NIST SD4 (a) and NIST SD14(b). Though the proposed
method is basically equal to Su’s method with loose con-
straint on NIST SD4, with the constraint becomes tight, the
performance of proposed method is obliviously superior to
the other two methods, where the error rate is only about
5% at 1% penetration rate. On NIST SD14, the superiority
become more oblivious. The error rate is less than 4% at 1%
penetration rate while the other two methods are about 5.5%
and 6.5%, respectively. It is worth noting that the performance
with loose constraint by our proposed method overcomes
the performance with tight constraint by Su et al.’s method,
achieving a comparative level to the performance with tight
constraint by Ouyang et al.’s method. This indicates that
the more precise the pose is estimated, the less constraint
is required in indexing, because more impostors are rejected
by pose constraints. the precise pose estimation also helps
boosting the indexing algorithm for the same reason. Table
IIT shows the time consumption in the indexing experiments
with different pose constraints.

Fig. 11 shows the indexing results on FVC2004 DB1A. Here
the third impression of each fingerprint is used as database
while the other impressions are used for query, thus we can
get a total of 700 pairs of fingerprints. Considering the area
of plain fingerprints are similar to latent fingerprints, we also
compared the pose estimation results by network trained with
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Fig. 11. The indexing results with different pose constraints by different pose
estimation methods on 700 pairs of plain fingerprints in FVC2004 dB1A.

Hisign Latent Database. Different from the indexing results
shown on rolled fingerprints in NIST SD4 and NIST SD14,
the indexing error increases when the constraint become tight.
The reason is that the pose is not as precise as that of rolled
fingerprints, tight constraints drops the indexing results on
the contrary. Anyhow, the loose constraints still show great
improvement and our method outperforms Su ef al.’s method
under the same condition.

D. Evaluation on Singular Points Detection

We show some examples of the singular points detected
by our proposed method in Fig. 6 and Fig. 7. To make the
evaluation more convincing, we further carry out the following
experiment in a traditional way for point detection evaluation.

NIST SD27 (both file and latent fingerprints) is used for
evaluating our singular points detection to prove that the pro-
posed network can deal with arbitrary fingerprints. We manu-
ally labeled the ground truths and compare our method with
the commercial software VeriFinger SDK 11.2. If the distance
between detected singular point and the ground truth is smaller
than a threshold ¢, the detected SP is considered to be right.
Here ¢ is set to 30 pixels. The precision, recall and F1-score
are listed in Table IV. The results show the proposed method
outperforms VeriFinger on latent fingerprints and achieve a
competitive level on rolled fingerprints.

E. Relationship Between Pose Estimation and Singular Point
Detection

To further analyze the relationship between singular points
and pose of fingerprint, we remove the SP heads and re-train
our network to solve the pose estimation task individually.
By comparing the poses estimated by networks with/without
SP heads, we can tell whether the singular points can help
pose estimation or not.

Fig. 12 shows some typical examples that by bringing in
SPs, the pose becomes more precise. It fits our conjecture.
In fact the indexing results in Fig. 10 also come to the same
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Fig. 12.

1477

7. L. INDEX

(d)

Typical examples showing how SPs help pose estimation. The four fingerprints are from different databases: (a) NIST SD4; (b) NIST SD14;

(c) NIST SD27; (d) FVC2004 DB1A. Among each pair, the left one shows the pose estimated without singular points, with some deviations to the ground
truth. Such deviations can be removed when bringing in singular points (the right one).

(b) (©

Fig. 13.  The response of some channels of feature map output by the body
part of the proposed network. (a) Input image; (b) 56th channel; (c) 65th
channel. The top two rows are from NIST SD4 and the bottom two rows are
from NIST SD27. These channels show correlation corresponding to certain
orientation patterns.

conclusion. Though the improvement on NIST SD14 is quite
tiny, there is a clear gap on the indexing results on NIST SD4.

FE. Interpretability Analysis

In this section, we try to explain the rationality of the
proposed network. Here we analyze the output of the body
part, which are 90 channels of feature maps. We note that
even though there is no supervision on the feature maps,
some channels show high correlation with certain orientation
patterns, that meets our expectation. Fig. 13 shows some
typical examples. Here the feature map is resized to 8 times
and multiplied to the input image as a mask. As observed,
the 56th channel has a strong response at the upper region
of fingerprints, where the orientation fields flow horizontally.
While the 65th channel has a strong response at the region
near the upper core, where the orientation fields flow like
an arch. Both rolled and latent fingerprints share the same
characteristic.

VI. CONCLUSION

In this article, we aim to solve the problem of pose estima-
tion and singular points detection for arbitrary fingerprints by
deep learning at the same time. By analyzing the conventional
methods, such as Hough-voting method for pose estimation
and complex filtering method for SP detection, we succeed in
transforming the methods into a deep network and further pro-
posed a novel deep learning based method for pose estimation
and SP detection. Numerous experiments show great precision
and robustness of the proposed method. To the best of our
knowledge, the proposed method is the first pose estimation
algorithm to deal with arbitrary fingerprints well.

Future work will include: (1) uniting more features like ori-
entation fields, frequency fields or minutiae into the proposed
network; (2) optimizing the architecture, including replacing
the fully-connection layers to reduce the memory consump-
tion and avoid missing information incurred by cropping the
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original fingerprint image, and replacing the feature extraction
body with more powerful backbones; and (3) exploring new
loss function for a better representation of the relation between
fingerprint’s pose and singular points.
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