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Abstract— Aligning fingerprint images to a unified coordinate
system defined by fingerprint pose is beneficial for fast and
accurate fingerprint matching. Due to poor ridge quality and
partial observations, however, performance of the state-of-the-
art fingerprint pose estimation algorithms remains unsatisfactory.
In this study, we propose to fuse voting strategy and deep network
to estimate fingerprint center and direction. Rather than regress-
ing them directly, we predict dense offset maps and vote for the
final estimation. Experimental results on ten fingerprint datasets
with over 60K fingerprints show that (1) highly consistent finger-
print pose estimations are obtained across different impressions
of the same finger, (2) performance of fingerprint indexing
and verification is further improved thanks to more accurate
fingerprint pose estimation, and (3) the proposed approach is
more robust to sensing technologies (optical, capacitive, inking,
and direct imaging) and impression types (rolled, plain, latent,
and contactless).

Index Terms— Fingerprint recognition, fingerprint pose esti-
mation, dense voting, deep neural network, fingerprint indexing,
fingerprint verification.

I. INTRODUCTION

POSE estimation, usually achieved by landmarks detec-
tion for biometrics like face and iris, plays a crucial

role in biometric recognition [1], [2]. Fixed-length feature
representations can be extracted from aligned facial or iris
images, thus facilitating fast and accurate biometric recog-
nition on large scale datasets. Over the past few decades,
fingerprint has been one of the most important and dominant
biometric identifiers in various applications, including national
border control, mobile payment, and crime investigation [3].
However, different from face and iris, fingerprints are typically
encoded as a set of unordered minutiae with varying numbers,
which makes fingerprint matching time-consuming and lack
of global constraint. Apart from estimating fingerprint poses
for the widely used contact-based fingerprints, fingerprint
poses of contactless fingerprints have also attracted increasing
attentions [4], [5], [6], [7]. Suppose that accurate fingerprint
pose is known, all fingerprints can be aligned to a unified
coordinate system, then the search space for minutiae matching

Manuscript received 17 September 2022; revised 26 February 2023;
accepted 3 April 2023. Date of publication 12 April 2023; date of current
version 24 April 2023. This work was supported in part by the National Nat-
ural Science Foundation of China under Grant 61976121. The associate editor
coordinating the review of this manuscript and approving it for publication
was Prof. Walter J. Scheirer. (Corresponding author: Jianjiang Feng.)

The authors are with the Department of Automation, Tsinghua Univer-
sity, Beijing 100084, China (e-mail: dyj17@mails.tsinghua.edu.cn; jfeng@
tsinghua.edu.cn; lujiwen@tsinghua.edu.cn; jzhou@tsinghua.edu.cn).

This article has supplementary downloadable material available at
https://doi.org/10.1109/TIFS.2023.3266625, provided by the authors.

Digital Object Identifier 10.1109/TIFS.2023.3266625

Fig. 1. Examples of (a) rolled and (b) plain fingerprint poses. The blue solid
circle denotes the location of fingerprint center and the blue arrow indicates
the fingerprint direction.

is narrowed down and falsely matched minutiae pairs can
be rejected owing to location and direction constraints, thus
improving the efficiency and accuracy of fingerprint indexing
and verification [8], [9], [10], [11], [12], [13], [14], [15] conse-
quently. Besides, extracting fixed-length fingerprint descriptor
can also benefit from the fingerprint alignment [12], [15],
which reduces variations of impressions from the same finger.
Furthermore, template encryption techniques [16], [17] can be
further prompted thanks to the reliable fingerprint alignment.

Despite the significant potential value of fingerprint pose,
estimating fingerprint pose on various types of fingerprints
remains a challenging task. Fingerprint pose is defined by
fingerprint center (x, y) and direction θ (as shown in Fig. 1).
In contrast to other biometrics, such as face whose pose is
determined by key-points with explicit physical definitions,
stable anatomical landmarks are difficult to define on finger-
prints. Considering the shape of fingerprint area, distribution
of ridge orientation field, and presence of singular points,
various special fingerprint key-points, such as foreground
barycenter [18], singularities [19], [20], maximum curvature
points [21], [22], and focal points [23], [24], [25], have been
proposed as fingerprint center, while ignoring the fingerprint
direction information and being sensitive to ridge quality. Area
around fingerprint center was also regarded as an object to be
detected based on handcraft [9] and deep features [11], [13].
However, these approaches still cannot solve the problems of
incomplete finger area, especially when the area relevant to
pose is missing or very noisy. Voting-based methods, such
as generalized Hough transform [14], [26], were then pro-
posed to determine fingerprint center and direction based on
the maximum voting score. While handcraft features, whose
representation ability is limited, were utilized in such methods.
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In this paper, we proposed a dense voting framework to
integrate the strength of voting strategy and deep learning.
Different from previous works which regress to single finger-
print pose output directly, in this paper, pose is estimated based
on voting strategy by estimating dense maps, i.e. direction-
irrelevant and direction-relevant offset maps. Besides, seg-
mentation probability map is estimated to determine which
area is responsible for voting. Considering the characteristic
of fingerprint direction, an additional attention map is also
predicted to determine which area is important for direction
estimation. In an integrated way, a deep network is pro-
posed to extract more robust and discriminative features to
estimate dense maps, thus achieving better pose estimation
performance, especially for fingerprints with poor ridge quality
and partial visible area. The codes will be available for non-
commercial purposes1.

Experimental results reveal that the proposed method out-
performs the state-of-the-art (SOTA) algorithms on multiple
databases containing different types of fingerprint impressions,
including rolled (NIST SD4, NIST SD14), plain (FVC2000
DB2A & DB3A, FVC2002 DB1A, FVC2004 DB1A), latent
(NIST SD27, Hisign latent), contactless (PolyU [27]), and
our newly collected fingerprint dataset which consists of
fingerprints produced with diverse 3D finger rotations (Diverse
Poses Fingerprint dataset, DPF). The proposed fingerprint pose
estimation algorithm was evaluated by the alignment accuracy,
fingerprint indexing with pose constraints, and fingerprint
verification performance with fingerprint pose alignment. All
experimental results demonstrate the superior performance of
our proposed approach compared with other methods.

The main contributions of our study can be summarized as:
• Rather than regressing to single fingerprint pose output

directly, we proposed to fuse voting strategy and deep
network to estimate fingerprint poses on various finger-
print types, which is especially important for fingerprints
with low ridge quality and incomplete area;

• We proposed to estimate fingerprint pose by predicting
dense maps and voting integration, and developed a
direction attention module to focus on the region that
is valuable and important for more robust and accurate
fingerprint direction estimation;

• The evaluation experiments and datasets are more com-
prehensive than previous studies. Extensive fingerprint
databases were utilized for evaluation, including rolled,
plain, latent, and contactless fingerprints. Given the esti-
mated fingerprint poses using our method, more robust
and accurate performance on deviations between mated
minutiae pairs, fingerprint indexing, and fingerprint veri-
fication was achieved, compared to existing SOTA meth-
ods. We also evaluated the proposed method on our
collected dataset consisting of plain fingerprints with
diverse finger poses, which is very challenging for fin-
gerprint pose estimation, and experimental results on this
dataset also demonstrate the superiority of our method.

The rest of paper is organized as follows: section II reviewed
published works related to fingerprint pose estimation.

1https://github.com/keyunj/Fingerprint-2DPose-Dense-Voting.git

Then the proposed dense voting method and its implementa-
tion details are introduced in section III and IV, respectively.
After that section V shows the experimental results and
discussions. Finally, our work is summarized in section VI.

II. RELATED WORKS

A. Fingerprint Pose Definition

As mentioned above, there is not an explicit definition of
fingerprint pose followed by all research due to the lack of
anatomical landmarks in fingerprints compared with other bio-
metrics. Several different definitions of fingerprint pose were
proposed in previous research. For rolled or plain fingerprint
that is complete and presents high ridge quality, barycenter of
the foreground area was considered as fingerprint center [18],
and fingerprint direction was defined based on the direction
of left and right impression boundaries [28]. Obviously, such
definitions are sensitive to the shape of fingerprint impressions
which relies on ridge quality, and inconsistent results may be
obtained across fingerprints with different visible area.

Considering the stability of singularities (core or delta)
in most fingerprint patterns, singular points were selected to
assist fingerprint registration [19], while not working well for
fingerprints without singularities, such as arch type. Instead,
based on the pattern of ridge orientation field, points with max-
imum curvature [21], [22] or distinctive structure [28], [29]
were regarded as fingerprint center. Similarly, crossing point of
straight lines normal to ridges, also named as focal point, was
referred as fingerprint center in [23], [24], and [25]. However,
these lines do not always cross at a single point, thus multiple
focal points may be detected. Besides, fingerprint poses based
on such pose definitions may also not be consistent across dif-
ferent impressions which is not suitable for assisting following
fingerprint indexing or verification tasks.

Yang et al. [26] proposed a fingerprint pose definition in an
integrated way based on multiple features, including singular-
ities, maximum curvature points, ridge orientation field, and
knuckles. They defined fingerprint direction in perpendicular
to the ridge orientation around knuckles. Fingerprint center
was defined based on different numbers of singular points
according to fingerprint patterns, and all singularities were
considered. However, there might be confusion in estimating
fingerprint pose when singular points, especially for delta
points, cannot be detected or are partially detected, which is
common in plain and latent fingerprints (as shown in Fig. 2).
Si et al. [20] proposed to utilize only the northernmost core
point (for fingerprints with singularities) or maximum curva-
ture point (for fingerprints without singularities) as fingerprint
center and adopted the same direction definition as [26]. They
found that based on this pose definition, ridge orientation field
could be separated into two regions: one containing similar
ridge orientations for various pattern types while the other
very different, which helps to establish a statistical model
for distortion rectification. Such definition is shown to be
appropriate for consistent and robust pose definition across
different fingerprints or the same fingerprint with different
visible area. Therefore, we chose to use it in this paper.
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Fig. 2. Examples of fingerprint pose definition in [26] for fingerprint with
different visible area. The green circle denotes core singular point, and the
red triangle denotes delta singular point. Then the fingerprint pose based on
these singularities is represented in blue solid circle and arrow. The first row
shows fingerprints with all singularities visible; while the second row shows
the corresponding fingerprints with incomplete area where delta singularities
are invisible, and the fingerprint pose in blue dotted circle and arrow is
directly copied from the first row. It is challenging and confusing to estimate
fingerprint pose on partial fingerprints using such fingerprint pose definition.

B. Fingerprint Pose Estimation

Existing fingerprint pose estimation approaches can be clas-
sified into three categories, including point detection based,
region detection based, and voting based.

1) Point Detection Based: Since distinctive points are uti-
lized in various fingerprint pose definitions, extracting these
points from fingerprint is a natural solution. Apart from
calculating barycenter of fingerprint foreground [18] which is
sensitive to ridge quality and impression shape, ridge orien-
tation field is often employed. Based on the ridge orientation
field, singularities [19], maximum curvature points [21], [22],
or reference points [29] were detected and referred as finger-
print center. Meanwhile, focal points, which can be calculated
as the crossing points of normal lines to ridges, were proposed
in several studies [23], [24], [25]. Benefiting from the property
of orientation field, such methods can alleviate image noise
problem, while it remains challenging when the area around
fingerprint center or singular point is incomplete or missing.

2) Region Detection Based: Fingerprint pose estimation
can be viewed as an object detection problem where the
location and direction of the object (finger) need to be esti-
mated. The whole fingerprint impression or the area around
fingerprint center is under consideration in such algorithms.
Su et al. [9] trained a set of support vector machine classifiers
with different directions, and utilized the histogram of ridge
orientations within a fixed-size window as features. Then
the center and direction of fingerprint were determined by
detecting the maximum response based on overlapped slid-
ing window strategy. Yin et al. [30] utilized the whole ridge
orientation field extracted from aligned fingerprints with good
quality to create a large orientation dictionary, and exhaustive
searching on this orientation dictionary was then performed
to estimate fingerprint pose. Ouyang et al. [11] utilized faster
R-CNN [31] to determine the location of fingerprint cen-
ter area and converted fingerprint direction prediction to

classification, making the estimation results more accurate
and robust compared with handcraft features used in prior
works [9], [26]. Engelsma et al. [12] proposed a fixed-length
fingerprint descriptor from the aligned fingerprints which is
achieved using spatial transformer networks (STN). However,
its fingerprint alignment was neither supervised by annotated
ground truth annotations, nor evaluated the performance of
fingerprint pose estimation. And Yin et al. [13] proposed a
multi-task approach to predict fingerprint pose and singular
points at the same time inspired by the strong correlation
between fingerprint pose definition and singularities. However,
singularities might not be helpful when singular points are
invisible in many plain or latent fingerprints (as shown in
Fig. 2). And the method predicted fingerprint pose by regress-
ing to single value (i.e., three neurons for fingerprint center
and direction) directly, making it less reliable to predict poses
on fingerprints with low quality or partial area.

3) Voting Based: Rather than estimating fingerprint pose
directly, Yang et al. [26] proposed to predict based on Hough
voting strategy. They utilized ridge orientations within local
patches (96 × 96 pixels) as features to learn a set of spatial
location specified prototype orientation patch dictionaries, and
fingerprint center was voted by looking up the learnt localized
patch dictionaries. And fingerprint direction was estimated by
rotating the original input for several discrete angles to find
the maximum Hough voting response. Apart from calculating
ridge orientations within a smaller patch (40 × 40 pixels),
Gu et al. [14] also extracted ridge periods as patch features.
Fingerprint center was first estimated using Hough forest
based on these handcraft features, and fingerprint direction
was then determined using a support vector regression method
after moving fingerprint to its origin based on the estimated
fingerprint center. Benefiting from utilizing voting strategy
in these methods, problems of incomplete fingerprints can
be mitigated. However, only handcraft features were utilized
whose representation ability can be further improved by
introducing deep learning. Besides, fingerprint direction was
always regressed or classified directly in prior works, where
the estimation performance may be limited on fingerprints with
low ridge quality or incomplete area.

III. PROPOSED METHOD

In this paper, we proposed to estimate fingerprint pose
based on dense voting strategy. A deep network was pro-
posed to predict dense maps, i.e. direction-irrelevant and
direction-relevant offset maps, segmentation probability map,
and direction attention map, and then they were integrated to
vote for fingerprint pose. Different from previous works that
regress fingerprint pose value directly [9], [11], [12], [13],
[14], [26], fingerprint pose is predicted based on dense voting
strategy in this study, thus improving algorithm accuracy and
robustness on fingerprints with diverse shapes and visible area.
The schematic illustration of our method is shown in Fig. 3.

A. Fingerprint Pose Definition

We followed the fingerprint pose definition in [20], which
was also adopted in [14] and [15], to make fingerprint pose
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Fig. 3. Overview of the proposed method. We denote “conv” as 2D convolution layer, and “residual” as residual block defined in ResNet-18 [32]. The output
of dense prediction module is 1

/
4 size of the original input, and N is the number of intervals. Then the estimated dense maps (PCx , pCy , PGx , PGy , A,

and S) are integrated to vote for fingerprint pose. For simplicity, we show the weighted average offset maps (1Ĉx , 1Ĉ y, 1Ĝx , and 1Ĝ y) calculated by (4)
and (5), where intensity indicates offset value to fingerprint center (white denotes positive offset and dark denotes negative).

Fig. 4. Examples of fingerprint pose definition. Blue solid circle and arrow
denote fingerprint center and direction respectively. The first row shows rolled
fingerprints with none, one, and two core singular points. Similarly, the second
row shows plain fingerprints with different numbers of core singular points.
Red dotted lines indicate the direction of knuckles.

more consistent and robust across different fingerprints with
noise and partial visible area. Briefly, fingerprint direction is
defined to be perpendicular to ridge orientations around knuck-
les. Fingerprint center is determined based on the northernmost
core points (fingerprints with singularities) or maximum curva-
ture points (fingerprints without singularities). More definition
details can be found in [20], and the following fingerprint
indexing and verification performance has demonstrated the
effectiveness and feasiblity of using this fingerprint pose
definition [14], [15], [33]. Examples of fingerprint pose on
different fingerprint patterns are shown in Fig. 4.

B. Network Architecture

Due to potential missing or noisy area in fingerprints,
dense voting strategy based method was utilized in this paper.

For each local patch within fingerprint area, offset vectors
to fingerprint center are estimated. And fingerprint pose is
obtained based on these dense offset maps by voting strategy,
thus improving estimation performance on incomplete or noisy
fingerprints. Although, voting strategy has been applied for
fingerprint center estimation in previous works [14], [26],
fingerprint direction was still regressed or classified as a
single value directly since rolled fingerprints, which contain
complete area, were focused in such methods. However, for
plain fingerprints, noisy ridge pattern or partial visible area
makes it challenging to estimate accurate and robust fingerprint
direction directly. Therefore, we proposed a dense voting
network to vote for fingerprint center and direction. Network
architecture is illustrated in Fig. 3.

1) Preprocessing Module: To deal with fingerprints with
diverse ridge quality, local total variation decomposition
[34], [35] is adopted to enhance ridge structure. Ridge ori-
entations in sine and cosine format of double angles are then
calculated on the enhanced ridges by gradient based method to
integrate ridge orientation information. We concatenate these
maps to obtain a three-channel input for following modules.

2) Feature Extraction Module: Since fingerprint pose is
classified as a global feature, i.e. level-0 feature [13],
ResNet-18 [32] was utilized as our backbone to extract dis-
criminative representations conveying essential multi-scale
information. Then a reconstruction module was employed for
feature maps up-sampling. Considering compromises between
precision and efficiency, the final predicted maps are 1

/
4 size

of the original input. Skip connections were also adopted to
integrate coarse and fine information [36].

3) Dense Prediction Module: To alleviate poor ridge quality
and partial visible area in diverse fingerprints, we proposed to
utilize voting method for fingerprint pose estimation. Different
from previous methods, we also applied voting strategy in
fingerprint direction estimation by predicting absolute location
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Fig. 5. Examples of (a) direction-irrelevant and (b) direction-relevant offset
maps. The attached corresponding coordinate systems are drawn in black.
The blue grids are examples of distance aware offset interval boundaries
on point P . Offset vectors ground truth are shown in red under different
coordinates.

of each patch within fingerprint area, named as direction-
relevant offset vector in this paper. Considering the general
size of fingerprint, the maximum offset is assumed to be
±256 for both axes. Besides, rather than value regression,
offset was estimated by interval classification to reduce the
difficulty of continuous value regression.

We denote the number of intervals along X and Y axis as Nx
and Ny . Intuitively, the uncertainty increases with the distance
to fingerprint center, making it less reliable to predict offset
vectors on regions away from fingerprint center. Therefore,
instead of dividing intervals equally, we applied a distance
aware division (as shown in Fig. 5), i.e. interval width is small
when the distance to fingerprint center is small and vice versa.
In this paper, a proportional mapping function

x ′
=

x
2 − |x/256|

, (1)

where x is the interval boundary of equal division, was utilized
to determine the new interval boundaries x ′. An example of
interval division is shown in Fig. 5. Besides, considering that
not all pixels are valuable for fingerprint direction estimation,
e.g. area around fingerprint center, a direction attention map
was also predicted to focus on the important area. Therefore,
totally six output maps were obtained, including two direction-
irrelevant offset maps, two direction-relevant offset maps,
a segmentation probability map, and a direction attention map.
Details of these dense maps are described as following:

• Direction-irrelevant offset maps denote offsets probabil-
ities from each patch center to fingerprint center along
image X and Y axis respectively. The offset vectors
share the same coordinate system of the original image
(as shown in Fig. 5a);

• Similarly, direction-relevant offset maps denote offset
probabilities from each patch center to fingerprint center
along fingerprint X and Y axis respectively. In fact, the
offset vectors indicate the absolute locations of patches
within the aligned fingerprint (as shown in Fig. 5b);

• A segmentation map indicates foreground area;
• A direction attention map indicates area that provide

effective information for fingerprint direction estimation.

Fig. 6. Two examples of fingerprint center heatmap voted by different
samples. The left column shows heatmap voted by samples away from
fingerprint center, thus obtaining less reliable estimation. The middle column
shows samples close to fingerprint center, and the right column is the
combination result. Samples for voting are indicated by green cross.

C. Fingerprint Pose Integration

Given the estimated offset probability maps, fingerprint
center and direction can be calculated by voting method. The
predicted direction-irrelevant offset along image X axis at pixel
(i, j) can be represented as a unit-length Nx dimensional
vector PCx = {pk

Cx = P(1Cxk), k = 1, 2, . . . , N }, where
the kth element pk

Cx indicates the probability of offset being
the center of the kth offset interval 1Cxk . Following the
similar definition, PCy and 1Cy are utilized for direction-
irrelevant offset along image Y axis, PGx and 1Gx for
direction-relevant offset along fingerprint X axis, and PGy and
1Gy for direction-relevant offset along fingerprint Y axis.
The estimated segmentation probability map is denoted as S
and the direction attention map as A. By integrating these
estimated dense maps, fingerprint center and direction can be
calculated as follows.

1) Fingerprint Center: For fingerprint center estimation,
only direction-irrelevant offset maps were utilized. It is a ratio-
nal assumption that regions have a high degree of confidence
in voting for adjacent area, therefore, we applied scaling for
estimated offset probabilities

g(pi jk) = pi jk/δk, (2)

where δk indicates the width of the kth interval. Then the
estimated fingerprint center (x̂, ŷ) can be calculated as

x̂ =

∑
i jk(i + 1Cx i jk) · g(pi jk

Cx ) · Si j∑
i jk ·g(pi jk

Cx ) · Si j
,

ŷ =

∑
i jk( j + 1Cyi jk) · g(pi jk

Cy ) · Si j∑
i jk ·g(pi jk

Cy ) · Si j
, (3)

where (i, j) ∈ � indicates the coordinate across the output
map. Examples of fingerprint center heatmap voted by differ-
ent samples are shown in Fig. 6.

2) Fingerprint Direction: For fingerprint direction estima-
tion, different from conventional approaches where direction is
regressed directly, we make the prediction using dense voting
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strategy. Apart from direction-irrelevant offset maps, direction-
relevant offset maps, which indicate the absolute locations
of local patches in the aligned fingerprint, i.e. centered and
upright fingerprint, are also estimated.

For each pixel (i, j) within the output map, we first
calculated the potential offset vectors (1Ĉx, 1Ĉ y) and
(1Ĝx, 1Ĝ y) by weighted averaging,

(1Ĉx, 1Ĉ y) =

(∑
k

pk
Cx1Cxk,

∑
k

pk
Cy1Cyk,

)
(4)

(1Ĝx .1Ĝ y) =

(∑
k

pk
Gx1Gxk,

∑
k

pk
Gy1Gyk .

)
(5)

Then, the estimated fingerprint direction θ̂ can be calculated
using (1Ĉx, 1Ĉ y) and (1Ĝx, 1Ĝ y) based on the amplitude
of inner and cross product:

sin θ̂ =
1
Z

∑
i j

(1Ĝx1Ĉ y − 1Ĝ y1Ĉx) · Si j Ai j ,

cos θ̂ =
1
Z

∑
i j

(1Ĝx1Ĉx + 1Ĝ y1Ĉ y) · Si j Ai j , (6)

where trigonometric functions are utilized for angular summa-
tion over the output map and Z is the normalization factor.

D. Objective Functions

1) Offset Loss: Generally, cross entropy loss is used in clas-
sification task. However, considering the confusion between
adjacent intervals when the real offset lies near the interval
boundary, in this paper, Gaussian smoothed label strategy [37]
was utilized to generate the ground truth of dense offset
maps (TCx , TCy , TGx , and TGy) for supervision, which has
the maximum probability (p = 1) as the true interval and
decreases the probability value as the distance increases.
KL (Kullback-Leibler) divergence loss LKL was then applied
for optimization. Given the estimated direction-irrelevant and
direction-relevant offset maps and their ground truth, offset
loss can be calculated as

Loffset =
1

|�|

(
LKL(PCx , TCx ) + LKL(PCy, TCy)

+LKL(PGx , TGx ) + LKL(PGy, TGy)
)
. (7)

2) Expectation Loss: Apart from offset loss on pixel level,
we also constrained the final estimated fingerprint pose using
a mean squared error loss

Lexp = ∥(x̂, ŷ) − (x, y)∥2
2 + ∥θ̂ − θ∥

2, (8)

where (x, y) and θ are the ground truth of fingerprint pose.
3) Segmentation Loss: For segmentation probability map,

a weighted binary cross entropy loss was used for optimization

Lseg = −
1

|�|

∑
i j

(
ωp log(Si j ) + ωn log(1 − Si j )

)
, (9)

where ωp and ωn are weights for positive and negative samples
respectively.

4) Overall Loss: Consequently, the proposed network was
optimized by minimizing the overall objective function

L = Loffset + λexpLexp + λsegLseg, (10)

where λexp and λseg denote the trade-off parameters for
expectation loss and segmentation loss respectively, and set
to 0.001 and 1 for roughly the same loss decreasing rate.

IV. IMPLEMENTATION DETAILS

We implemented our method with PyTorch on NVIDIA
GeForce 3090. Data augmentation was performed during train-
ing, including random translation in range of 20% width and
height of input size, rotation to follow a uniform distribution
[−45◦, 45◦

], horizontal flip, and additive noise sampled from
Gaussian distribution N (0, 0.1). Besides, to improve the gen-
eralization of the proposed network, additive natural images
were also applied on training fingerprints as background noise.

The maximum offset is set to ±256 and the number of
intervals Nx and Ny as 33. Using the distance aware interval
division in (1), the interval width ranges from 8 to 29. Network
weights are optimized using an Adam optimizer with initial
learning rate of 0.00035. Learning rate decays by 0.1 when
the performance on validation dataset does not improved after
10 epochs, and training is stopped after three times decays.
L2 regularization with weight of 0.01 is applied to avoid
over-fitting. The network is trained from scratch with kaiming
weights initialization. There is no limitation on input image
size since voting strategy is utilized in our method.

V. EXPERIMENTAL RESULTS

In this section, we conducted several experiments for
evaluation. We will first introduce all datasets used in this
paper, then the evaluation on minutiae alignment accuracy,
fingerprint indexing, and fingerprint verification performance.
And we also show the ablation study, qualitative evaluation,
and algorithm efficiency of our method. Finally, limitations of
the proposed approach were discussed.

A. Datasets

Various fingerprint databases including two rolled, four
plain, two latent, one contactless, and our collected DPF
(diverse poses fingerprints) datasets were utilized for evalu-
ation. Table I presents the details of all databases and their
usage in this paper. Fingerprint examples in each database are
also shown in the table. We utilized three types of fingerprint,
i.e. rolled, plain, and latent, for network training respectively,
due to significant differences in ridge quality and fingerprint
area, and no further fine-tuning was performed (e.g. the same
network is used for all plain fingerprint datasets).

For rolled fingerprints, the first 3,200 images in NIST SD14
were selected for training. The fingerprint pose ground truth
for training were manually labeled. And the “ground truth”
of segmentation map was generated by a pre-trained deep
network, which was trained based on the segmentation gener-
ated by the traditional gradient based method [38]. In fact, the
generated “ground truth” is enough since the probability map
was utilized to determine the voting area and its estimation
accuracy is not focused in this paper.

For plain fingerprints, our collected dataset DPF, consisting
of plain fingerprints with arbitrary visible area and their
corresponding rolled fingerprints, was used to increase data
diversity. A total of 40,112 plain impressions from 776 fingers
were collected. We randomly selected 32,676 plain impres-
sions from 633 fingers for training, and the rest 143 fingers
for evaluation. Considering the difficulty of pose annotation
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TABLE I
ALL FINGERPRINT DATASETS USED IN EXPERIMENTS

on plain fingerprints due to partial area, we first manually
annotated fingerprint poses on the 633 rolled fingerprints in
training set, then plain fingerprint poses were transformed from
the corresponding rolled fingerprints based on mated minutiae
pairs calculated by the minutiae matcher described in [33].
And segmentation “ground truth” was generated similarly as
rolled fingerprints.

For latent fingerprints, the first 8,000 images in Hisign
latent dataset were selected for training. Instead of manually
annotating on latent fingerprints, similarly, file fingerprint
poses were obtained first. Considering the large number of
training samples and manually labeled latent minutiae by latent

fingerprint examiners, we chose to utilize Yin’s method [13],
which is the SOTA method for rolled and plain fingerprints
with frontal pose, to predict file fingerprint poses. Minutiae
of file fingerprints were then extracted using the commercial
software VeriFinger SDK 12.0 [39]. Then the latent fingerprint
poses can be obtained by calculating mated minutiae pairs
between file and latent fingerprints. Selective examinations
were performed on the transformed latent fingerprint poses
and satisfactory results were observed thanks to the manually
labeled minutiae on latent fingerprints. As for segmentation
“ground truth”, generation steps similar to [40] were uti-
lized, i.e., the “ground truth” was generated by calculating
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the convex hull of manually labeled minutiae of latent
fingerprints.

FVC2000, FVC2002, FVC2004 are widely used public
plain fingerprint databases and contain multiple subsets.
We follow the same experimental settings in previous stud-
ies [8], [9]: FVC2000 DB2A & DB3A, FVC2002 DB1A,
and FVC2004 DB1A were selected for evaluation. Note that
plain fingerprints in FVC2000 [41] were collected with limited
rotation range [−15◦, 15◦

], we applied additional random rota-
tion in range of [−30◦, 30◦

] on these fingerprints to increase
direction diversity for more convincing experiments. Besides,
apart from comparison between the same fingerprint types,
e.g., NIST SD4 (all rolled fingerprints) and FVC2004 DB1A
(all plain fingerprints), we also evaluated between fingerprints
with different types, i.e., DPF (plain to rolled), NIST SD27
(latent to rolled), Hisign latent (latent to rolled or plain),
and PolyU (contactless to contact-based), which requires more
reliable, accurate, and consistent pose estimation.

B. Evaluation on Minutiae Alignment Accuracy

Given the estimated poses, fingerprints from the same
fingers can be aligned to a unified coordinate system. Then
deviation in location and direction between mated minutiae
pairs can be utilized to evaluate the consistency of fingerprint
pose estimation algorithms on fingerprints collected under
different conditions [9], [13]. First, we extracted minutiae
using VeriFinger [39] (minutiae of latent fingerprints in NIST
SD27 and Hisign latent datasets were manually labeled).
Mated minutiae pairs were then calculated by the minutiae
matcher described in [33]. Finally, location and direction
deviations between mated minutiae pairs can be calculated
after fingerprint alignment.

Quantitative comparison with previous works, including
Su’s [9], Ouyang’s [11], and Yin’s [13] method, was per-
formed. Besides, Engelsma et al. [12] proposed a deep net-
work, DeepPrint, which utilized STN to learn fingerprint
alignment implicitly. Therefore, we also reimplemented Deep-
Print and output the prediction of STN as fingerprint pose
estimation. The network was trained using the first 24K pairs
of fingerprints, which is much smaller than the private database
used in [12] (a large dataset consisting of 445K fingerprints
from 38K unique fingers), and data augmentation, including
random histogram matching and fingerprint distortion, was
employed in training to alleviate the lack of training data.

Note that Su’s [9] and Ouyang’s [11] method were designed
for rolled fingerprints and thus not suitable for plain or
latent [13]. And Engelsma’s method [12] is also not suit-
able for latent fingerprints since it was trained for complete
fingerprints (e.g., rolled and frontal plain fingerprints). For
a fair comparison, Yin’s model [13] were re-trained using
the same training data in this paper. And for latent finger-
prints, FingerNet [40] was first adopted for segmentation and
enhancement, and the predicted segmentation was utilized for
image pre-cropping in Yin’s method [13], then fingerprint
poses were estimated based on the enhanced fingerprints for
all algorithms.

Fig. 7 and Fig. 8 present the deviation distribution between
mated minutiae pairs on part of fingerprint datasets (more
experimental results can be seen in supplementary materials).
Location deviation is measured in pixels, and direction in
degrees. Due to the large area, sufficient information can
be extracted from rolled fingerprints, and the direction of
rolled fingerprints is also limited since they were collected
in controlled environment. Therefore, direction deviation on
rolled fingerprints is limited and there is no significant differ-
ence among different algorithms. While for other fingerprints,
presence of central area and ridge quality is not guaranteed,
thus estimation on these fingerprints is more challenging.

As shown in Fig. 7 and 8, our method outperforms
the SOTA methods on various fingerprint datasets. Besides,
despite the large diversity of visible fingerprint area and
ridge quality, minutiae alignment accuracy of fingerprints with
different types can be significantly improved based on the
more accurate and consistent fingerprint poses estimated by
our method. It is also observed that results of Engelsma’s
method [12] are unsatisfactory and performance on direction
deviation gets even worse on all datasets (estimations on
latent fingerprints were not performed as mentioned above).
The reason may be that fingerprint alignment in [12] is
not supervised by explicit fingerprint pose annotations, but
optimized by the following fingerprint matching indirectly.
And the matching performance using DeepPrint [12] based on
different fingerprint alignment algorithms was also evaluated
in the following experiments.

C. Evaluation on Fingerprint Indexing

Given the correctly estimated fingerprint poses, deviation
between mated minutiae pairs can be reduced as demon-
strated. Therefore, we carried out a minutiae-based fingerprint
indexing experiment which incorporates fingerprint pose as
constraints to improve indexing accuracy and efficiency [9].
In [9], binary minutiae cylinder-code (MCC) was utilized to
calculate matching score of two fingerprints by measuring the
similarity between minutiae pairs. After fingerprint alignment,
only minutiae pairs, whose deviations in location and direc-
tion are lower than the defined threshold, are considered in
similarity calculation, thus reducing the searching space and
wrong matched minutiae. In this paper, different thresholds
were determined based on the previous minutiae alignment
accuracy, and detailed settings for all datasets are shown in
supplementary materials.

For plain fingerprint datasets, the first impression from each
finger was selected as gallery, and the rest fingerprints as
query. For DPF dataset, rolled fingerprint was set as gallery
and the corresponding 8 randomly selected plain fingerprints
were utilized as query. For NIST SD27 dataset, to increase the
size of background dataset, additional 10,458 file fingerprints
from Hisign latent dataset were added as gallery. For PolyU
dataset, the first contact-based fingerprint from each finger was
selected as gallery, and all contactless fingerprints as query.

Fig. 9 shows binary MCC [9] based indexing perfor-
mance on part of datasets (see more results in supplementary
materials). It can be observed that with loose constraints,
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Fig. 7. The empirical cumulative distribution curve of location deviations between mated minutiae pairs on various fingerprint databases.

Fig. 8. The empirical cumulative distribution curve of direction deviations between mated minutiae pairs on various fingerprint databases.

similar indexing performance is obtained for different fin-
gerprint pose estimation algorithms. While with tight con-
straints, our method performs better than the SOTA methods
on various fingerprints, especially for NIST SD4 and Hisign
latent datasets. Besides, performance on FVC2000 DB3A and
two latent dataset is significantly lower compared to other

datasets due to poor fingerprint quality (the first row in
Fig. 10). In FVC2004 DB1A and DPF datasets, incomplete
fingerprint area and large range of fingerprint poses also make
fingerprint indexing more challenging (the second row in
Fig. 10), but better performance can still be achieved using our
method.
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Fig. 9. The binary MCC [9] based fingerprint indexing performance with loose and tight constraints on various fingerprint databases.

Fig. 10. Examples of fingerprints with poor ridge quality (the first row) and
fingerprints with incomplete area and diverse finger poses (the second row).

D. Evaluation on Fingerprint Verification
Apart from fingerprint indexing, fingerprint pose can also be

applied in fingerprint verification task. By introducing accurate
and consistent fingerprint poses, performance of fingerprint
verification (1-to-1 matching) can be improved since only
features within appropriate spatial deviations are considered
after fingerprint alignment, and most non-mated features can
be rejected due to incompatible location and direction.

Instead of testing with commercial matchers, e.g., VeriFin-
ger [39], in which custom modifications cannot be performed
and matching performance hardly changes after minutiae or
fingerprint alignment (probably because it contains its own
internal relative fingerprint pose alignment), MCC [42], a well-
designed local minutiae-only matcher with superior perfor-
mance compared to other open source algorithms, was utilized

to explore the effectiveness of incorporating fingerprint pose.
Besides, the SOTA deep learning based fingerprint matcher,
DeepPrint [12], was also utilized for evaluation further.

1) MCC [42] Based Matching: Considering that modifi-
cations cannot be performed directly in the released MCC
SDK [42], we reimplemented MCC creation and four types of
matching algorithms as described in [42], including local simi-
larity sort (LSS), local similarity assignment (LSA), local sim-
ilarity with relaxation (LSS-R), and local similarity assignment
with relaxation (LSA-R). Only local similarities are considered
in the first two types of matching algorithms (LSS and LSA).
The same minutia is not considered more than once in LSA,
which is not guaranteed in LSS. Then, by incorporating global
spatial relationships, higher performance can be achieved
in the other relaxation matching algorithms (LSS-R and
LSA-R).

Similarly with previous experiments, fingerprint pose was
introduced as constraints. To be specific, minutiae were first
normalized to a unified standard coordinate system given the
estimated fingerprint poses. It is a rational assumption that
mated minutiae pairs have a small deviation after alignment,
which can be integrated into the local similarity calculation.
Therefore, before calculating local similarity scores between
cylinder features from different fingerprints, we calculated the
deviation score for each minutiae pair (mi , m j ):

SD = Z(dl(mi , m j ), µl , τl) ∗ Z(dθ (mi , m j ), µθ , τθ ), (11)

where dl and dθ indicate the deviation between location and
direction respectively, and

Z(d, µ, τ ) =
1

1 + e−τ (d−µ)
(12)
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TABLE II
MCC [42] VERIFICATION PERFORMANCE (%) USING DIFFERENT FINGERPRINT POSES. FNMR@FMR = 0.1% IS REPORTED

Fig. 11. Incorporating fingerprint pose estimated by our method as constraints in MCC based matching algorithms (LSS and LSA). (a) Distribution of
matching scores on FVC2004 DB1A before (solid line) and after (dashed line) incorporating fingerprint pose in LSS (top) and LSA (bottom). (b) An example
of estimated minutiae pairs on impostor fingerprint pair before (top) and after (bottom) incorporating fingerprint pose in LSA. The line color indicates local
similarity score calculated between MCC descriptors proposed in [42]. (c) Examples of estimated minutiae pairs on genuine matches before (top) and after
(bottom) incorporating fingerprint pose in LSS (the first column) and LSA (the second column).

is a normalizing function. We set µl = 60, τl = −0.1,
µθ = π

/
9 , and τθ = −20 in this experiment. Intuitively,

outliers were defined as minutiae pairs whose deviation scores
are lower than a threshold, and removing these outliers can
decrease potential incorrect matches. In this experiment, the
removing deviation score threshold was set to dl = 60 and
dθ = π

/
9 . Local similarity scores were then calculated for

the remaining minutiae pair candidates. Table II shows the
MCC [42] matching performance on different datasets using
different fingerprint pose estimations for fingerprint alignment.

As shown in Table II, false non-match rate (FNMR) is
decreased significantly by using the proposed fingerprint pose
as constraints in LSS and LSA, where only local similarities
are considered while ignoring global spatial constraints. And
by incorporating fingerprint pose as constraints in the two
local matching algorithms, competitive or higher performance
(e.g., FVC2004 DB1A and PolyU) can be achieved compared
to global matching approaches (LSS-R and LSA-R).

Fig. 11a shows the distributions of matching scores using
LSS and LSA. Significant decreases can be observed for
impostor matching scores owing to the incorporation of fin-
gerprint poses. Fig. 11b and Fig. 11c present examples of
estimated minutiae pairs using LSS or LSA on impostor
and genuine pairs, respectively. MCC minutiae descriptor
is defined on the local structure around minutia, and the
corresponding matcher is expected to find minutiae pairs with
the most similar local structure [42]. Therefore, for impostor
fingerprint pairs, due to the incorporation of fingerprint pose
constraint, minutiae pairs with the most similar local structure

but incompatible locations may be rejected, then minutiae
pairs with less similarity will be matched. Consequently,
impostor score values will decrease significantly as shown in
Fig. 11a and 11b. While for genuine fingerprint pairs, much
fewer matches are corrected by pose constraint since the most
similar minutiae pairs are already correct. Even for the few
corrected ones, the similarity after correction is very high
since they are the true minutiae pairs. Therefore, the reduction
of genuine score values after introducing fingerprint pose as
constraint is not so drastic as the decrease of impostor score
values, and more rational and better minutiae matches can be
obtained (as shown in Fig. 11c).

2) DeepPrint [12] Based Matching: We replaced the fin-
gerprint alignment generated by STN in DeepPrint [12] with
estimated fingerprint poses and then extracted fixed-length
fingerprint features on the aligned fingerprints. Considering
that similar image modality of fingerprints should be guar-
anteed for DeepPrint based fingerprint matching, comparing
between the raw contactless and contact-based fingerprints in
PolyU dataset is inappropriate, therefore, FingerNet [40] was
first applied for fingerprint enhancement to unify the intensity
distribution of input image, then the fixed-length fingerprint
features can be extracted on these enhanced contactless and
contact-based fingerprints. Table III shows the DeepPrint
matching performance on different fingerprint datasets using
different fingerprint pose estimations for fingerprint alignment.

As shown in Table III, it is observed that the performance of
DeepPrint [12] can be further improved due to more accurate
and consistent fingerprint alignment. We found accuracy on
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TABLE III
DEEPPRINT [12] VERIFICATION ACCURACY (%) USING DIFFERENT FINGERPRINT POSES. FNMR@FMR = 0.1% IS REPORTED

TABLE IV
ABLATION STUDY RESULTS. MEAN DEVIATIONS BETWEEN MATED

MINUTIAE LOCATION (PIXELS) AND DIRECTION
(DEGREES) ARE REPORTED

DPF dataset is significantly low, since different fingerprint
types were involved, i.e., matching between rolled and plain
fingerprints with diverse visible area. Besides, due to the
perspective distortion and different intensity distribution in
contactless fingerprints, verification between contactless and
contact-based fingerprints is also a challenging task, but more
consistent fingerprint alignment estimated by the proposed
method still helps to improve matching performance.

E. Ablation Study

Finally, an ablation study is performed to demonstrate the
importance of introducing dense voting strategy and direction
attention module in fingerprint pose estimation. In this study,
we evaluated the performance based on mean deviations
in location and direction between mated minutiae pairs of
fingerprints in FVC2002 DB1A. For brevity, we denote “OR”
as estimating offset by regression, and “IC” as interval clas-
sification. Note that when the fingerprint center or direction
is not predicted by voting method, the network (excluding
reconstruction module) will predict directly, i.e., two neurons
for fingerprint center (x, y) and one neuron for direction θ .

As shown in Table IV, we found that utilizing voting
strategy improves accuracy of fingerprint pose estimation, and
superior performance can be observed in converting offset
regression to interval classification. Estimating fingerprint
direction using dense voting strategy also provides auxiliary
information for more consistent fingerprint pose estimation.
Besides, due to the incorporation of direction attention module,
better performance can be observed in fingerprint direction
estimation, which demonstrates the effectiveness of the pro-
posed direction attention module.

F. Qualitative Evaluation and Algorithm Efficiency

We found that there are still nonnegligible minu-
tiae deviations in location and direction after fingerprint

alignment, especially for comparisons between fingerprints
with difference types, e.g., plain to rolled and latent to rolled.
However, improvements of using fingerprint pose can still be
observed in the following indexing and verification tasks since
minutiae deviations are quite large when there is no alignment
(as shown in Fig. 7 and 8). And from the view of information
theory, the uncertainty of matching is reduced greatly thanks
to the fingerprint pose alignment, which is beneficial to the
following fingerprint matching. Then based on the perfor-
mance of fingerprint pose estimation, appropriate threshold
can be determined to penalize impostor pairs as much as
possible, while avoiding negative impact for genuine pairs.
Therefore, given the more accurate and consistent fingerprint
pose estimations predicted by our method, more performance
improvement can be achieved.

Fig. 12 shows several typical estimations on different types
of fingerprints. More robust estimation results are observed on
fingerprints with different visible area and noisy ridge struc-
tures using our method, benefiting from dense voting strategy,
which utilizes as much information within fingerprint area as
possible. While for Yin’s method [13], the estimation accuracy
decreases significantly on incomplete fingerprints (especially
for fingerprints where some singularities cannot be observed)
since the fingerprint poses were regressed directly which is
sensitive to incomplete fingerprint area, and singularities, the
auxiliary information in Yin’s method [13], are also not helpful
on these partial fingerprints. Considering the shallow network
of STN and indirect supervision, it is reasonable to obtain the
inaccurate fingerprint pose estimations using DeepPrint [12].
Besides, as described in [12], only frontal plain fingerprints
(e.g., the most fingerprints in FVC2004 DB1A dataset) are
considered in the training strategy, while fingerprints in DPF
are quite different from the frontal plain fingerprints, which
contains many partial fingerprints (especially for fingerprints
produced by fingertips). Fig. 13 also shows estimations on
different impressions from the same finger, and more con-
sistent estimations can be observed using the proposed algo-
rithm, which further demonstrated the superiority of our
method.

Fig. 14 shows several examples of direction attention map
in our method. Obviously, in rolled fingerprints with large and
complete fingerprint area, knuckles region plays an important
role in fingerprint direction estimation. While for plain finger-
prints, due to incomplete area, knuckles cannot be observed
reliably, therefore, the proposed direction attention map help
to focus on other area that is helpful for direction estimation,
such as area above top core or below deltas.

On a computer with a NVIDIA GeForce 3090 GPU and a
3.0GHz CPU, Yin’s method [13] takes about 53ms for pose
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Fig. 12. Examples of fingerprint pose estimation results on different datasets (from left to right and from top to bottom are NIST SD4, NIST SD14, FVC2000
DB3A, FVC2000 DB2A, FVC2002 DB1A, FVC2004 DB1A, PolyU, Hisign latent, and NIST SD27). Cyan arrows indicate results of DeepPrint [12], blue
arrows for Yin’s method [13], and red arrows for our method.

Fig. 13. Fingerprint pose estimation results on different impressions from the
same finger (each row). From top row to bottom, examples are selected from
FVC2002 DB1A, FVC2004 DB1A, DPF, and PolyU. Cyan arrows indicate
results of DeepPrint [12], blue arrows for Yin’s method [13], and red arrows
for our method.

estimation on an image with size of 512 × 512, and the
proposed algorithm takes about 75ms. The comparison result
is reasonable since the proposed method contains up-sampling

Fig. 14. Examples of direction attention maps for rolled (the first row) and
plain (the second row) fingerprints.

and voting modules which consume more time than predicting
fingerprint pose directly.

G. Limitations

Previous experimental results show our method achieves
good performance and increases the following fingerprint
indexing and verification accuracy. However, there are still
several limitations of our study to be tackled. The estimation
of fingerprint center in our method relies on voting area predic-
tion, i.e., segmentation map. But for images with complicated
background noise or overlapped fingerprints, inaccurate finger-
print pose may be obtained using our method (the first row in
Fig. 15), due to inaccurate prediction of voting area. Besides,
deviations may be large even after fingerprint alignment when
there exist ridge distortions, and also inaccurate fingerprint
pose may be obtained by our method due to strong fingerprint
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Fig. 15. Failure cases predicted by our method. Green arrows indicate
ground truths of fingerprint pose, and red arrows indicate estimations of our
method. The first row shows fingerprints with complicated background noise
or overlapped area from Hisign latent dataset. And the second row shows
fingerprints from FVC2004 DB1A dataset, where inaccurate fingerprint poses
were obtained due to severe ridge distortions.

distortion (especially for impressions produced by fingertips),
since distortion changes the distribution characteristics of ridge
features which are utilized to estimate dense maps in our
method (the second row in Fig. 15).

VI. CONCLUSION

Fingerprint pose can be utilized as constraints to assist
fingerprint indexing, verification, and other recognition tasks.
However, estimating fingerprint pose precisely is still a chal-
lenging task due to various factors such as low ridge quality
and partial area. In this paper, we proposed to estimate
fingerprint center and direction on various types of fingerprint
impressions via dense voting strategy. The proposed approach
integrates the strength of deep networks in extracting discrimi-
native features and dense voting strategy to mitigate the impact
of noise and incomplete fingerprint area, which is common
in plain and latent fingerprints. Besides, fingerprint direction
is estimated by dense voting strategy which can increase
the robustness of fingerprint direction estimation compared
to regressing single direction value directly. Experiments on
extensive fingerprint datasets were conducted. Experimental
results on these datasets demonstrate the superior performance
of our method compared to the SOTA methods, especially
for plain and latent fingerprints. Given the fingerprint pose
estimations, additional applications of fingerprint pose, e.g.,
assisting to mitigate fingerprint distortion and extract ridge ori-
entation field, can be further explored in future works. Besides,
the proposed method is a relatively general framework, and
generalizing the method to other tasks like palmprint or face
pose estimation can also be explored in the future.
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