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ABSTRACT
Touchscreens have become the primary input devices for smart-
phones, tablet computers, and other intelligent devices over the past
decades. While for the most pervasive commercial devices, only 2D
touch positions on the screen are utilized as interaction inputs. To
extend the richness of the input vocabulary, some researchers have
proposed several innovative interaction techniques, e.g. finger pose.
However, due to the low resolution and lacking in information of
capacitive images, only two angles, pitch and yaw, are considered
in most finger pose estimation algorithms, and the accuracy is not
sufficiently high for large scale applications in smartphones. With
the rapid development of under-screen fingerprint sensing technol-
ogy, a new input modality, fingerprint image, for 3D finger pose
estimation is available from these fingerprint sensors. In this paper,
we propose a finger specific algorithm for estimating 3D finger
pose including roll, pitch, and yaw from fingerprint images. 3D
finger surface is first reconstructed based on sequential fingerprint
images captured in enrollment, and given this 3D surface model,
3D finger pose of a test fingerprint is estimated by matching key-
points between the 2D image and 3D point cloud and minimizing
the projection error. The proposed approach is a non-learning al-
gorithm with good generalization ability and robustness in real
applications. To evaluate the performance of our method, a dataset
of fingerprint images with their corresponding ground truth 3D an-
gles is collected. Experimental results on this dataset demonstrate
the effectiveness of introducing reconstructed 3D finger surface
shape in 3D finger pose estimation. The average absolute errors
of three angles are 10.74 for roll, 8.25 for pitch, and 7.38 for yaw,
respectively. Extensive experiments are also conducted to explore
the impact of touching area size and gallery size on performance.
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1 INTRODUCTION
Over the past decades, touchscreens have become the widely used
interaction techniques for smartphones, tablet computers, and other
intelligent devices. When a finger touches the display, the capaci-
tance is changed which can be measured by capacitive sensors, then
touching points are calculated based on the measured capacitive
changes [20]. Therefore, only 2D input is considered despite of the
flexibility of human fingers movement. To extend the richness of
user input vocabulary, commercial devices and recent researches
have explored a wide range of novel interaction techniques. For
example, tap-and-holding is distinguished with single click by lever-
aging time dimension [6]. Chording gestures are composed of slid-
ing operation by single or multiple fingers [17]. 3D Touch and hard
press is provided by measuring the touch pressure [2, 28]. Besides,
finger shape [24] and size [3], shear force [9], hand part [10], and
finger angles [15, 20, 30, 35] are also applied to modify the touch
input and alter the action.

Among these new interaction techniques, pressing orientation,
i.e. 3D finger pose while touching on displays, has attracted numer-
ous attention because of its great manipulate potential and intuition
for human interaction. Similar with the definition on airplane, three
angles: roll, pitch, and yaw are used to describe 3D finger pose. Roll
refers the angle around the finger’s longitudinal axis, pitch around
the lateral axis, and yaw around the vertical axis. Figure 1 shows the
definition of these three 3D angles. Previous works have suggested
that pressing angle can be used to enrich touch input vocabulary
and provide auxiliary information for complicated touch interac-
tion [5, 39]. With the assistance of finger angles, the accuracy of
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Figure 1: The definition of finger pose, which is described by
three angles: roll, pitch, and yaw, while pressing on a screen.

touch inputs is improved [14], and the manipulation of 3D models
or 2D images on smartphones or smartwatches which have lim-
ited screens becomes significantly convenient [35]. Some functions,
such as adjusting font size, adjusting screen brightness, and ad-
justing brush width, can also be associated with touch angles [12].
Besides, the ergonomic constraints based on 3D finger pose are
further explored as additional inputs while interacting with two
hands [21]. Furthermore, the commonly used and unused range of
finger orientation for different fingers while touching also provide
insights for future interaction techniques development [7, 13].

Despite the many benefits of 3D finger angles as interaction
input, estimating 3D angles based on 2D images is still a very chal-
lenging task. Up to date, capacitive images which are of quite low
resolution and information poor are utilized and therebymaking the
estimation accuracy of finger angles not satisfactory. To alleviate
the lacking information, some additional sensors, e.g. the photo-
sensitive device attached to fingernail or additional depth cameras,
were employed to provide auxiliary information [15, 34]. However,
utilizing these complicated additional devices for finger pose esti-
mation is inconvenient for human interaction in daily applications.
In fact, with the development of under-screen fingerprint sensing
techniques, a new input modality, fingerprint image, for 3D finger
pose estimation becomes feasible [27, 37]. Figure 2 shows an exam-
ple of comparison between capacitive image and fingerprint image.
Different from capacitive images, relative positions of current touch
area, which also indicates the 3D finger pose, are embedded in fin-
gerprint images. In other words, with the finger pose changing, the
pressed fingerprint image changes correspondingly. Furthermore,
the deformation pattern of different fingers pressing on displays is
intuitively different, making ridge patterns and minutiae contained
in fingerprint images, which are fundamental features in fingerprint
recognition, the very promising information for estimating all three
finger angles. Previous researches have found that different fingers
prefer different orientations and different ranges of angle while
interacting [7], e.g. thumbs prefer to change pitch and roll angles
while using smartphones with single hand, while pitch and yaw are
convenient for the other fingers (such as index, middle, ring, and
little). However, estimating roll angle in capacitive images, which
are not sensitive to rolling, is rarely explored in previous studies.

In this paper, we proposed a non-learning framework to estimate
3D finger pose based on reconstructed 3D finger surface. Different
from previous algorithms, we estimate all three finger angels, i.e.
roll, pitch, and yaw, from fingerprint images at the same time. Given
the accurately estimated finger angles, the poses of finger while

Figure 2: Examples of capacitive image (simulated) and fin-
gerprint image pair.

touching displays can be fully described, which enriches the input
vocabulary on touchscreens significantly and makes the interac-
tions, e.g. manipulate 3D objects, more intuitive and convenient. To
evaluate the proposed method, we collected a dataset consisting of
54 fingers from 9 subjects. For each finger, two fingerprint pressing
sequences and the corresponding ground truth values of finger
pose were collected with an interval over 6 months for enrollment
and evaluation respectively. Based on the pre-enrolled fingerprint
sequences and finger angles, we reconstruct the 3D surface shape
for each finger and estimate three finger angles by matching 2D-3D
keypoints and minimizing projection errors. Experimental results
demonstrate the effectiveness of our method compared with pre-
vious capacitive images based algorithms. Since the proposed al-
gorithm is developed without learning process, numerous training
data with finger pose ground truth is not required and our method
performs reliably and robustly, especially for limited user gallery
size and sensors with small touching area.

2 RELATEDWORKS
According to the sensing devices, conventional algorithms are clas-
sified into several categories: based on capacitive images, auxiliary
devices, and fingerprint images. An overview of previous researches
is shown in Table 1.

Touchscreen is widely used in various pervasive commercial
devices, and capacitive images obtained from touchscreen, which
describe the electrical capacitance changes when an object touching
the display screen, have become the most common modality for
finger pose estimation. Intuitively, with different finger poses, the
silhouette and intensity distribution of touching area is different.
This property is directly employed in finger pose estimation. For
example, Wang et al. [32] estimated yaw angle using the shape of
touching area in capacitive images. Apart from silhouette of touch-
ing area, Zaliva et al. [39] extracted several additional features, e.g.
intensity, centroids, and asymmetry of shape, to compute 3D finger
angles for gesture recognition. Similarly, in [35], 42 features includ-
ing the ellipsoid’s orientation and magnitude were extracted by
assuming the shape of touching area in capacitive image as “comet”,
and then a Gaussian regression model was employed to predict
pitch, yaw, and roll (while the estimation performance of roll angle
is not reported). With the development of deep learning, Mayer et
al. [20] adopted convolution neural networks (CNN) to predict fin-
ger pose based on capacitive images with 3D finger angels ground
truth captured by an optical tracking system, and the estimation
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Table 1: The overview of previous finger pose estimation algorithms. The results in “Errors” column are reported errors in
their papers respectively. Mean absolute error (MAE) is the default metric.

Method Year Sensor Ground Truth Angles Errors

Roll Pitch Yaw Roll Pitch Yaw

Wang et al. [32] 2009 touchscreen - ✓ - - -
Dang and André [5] 2011 touchscreen - ✓ - - -
Zaliva [39] 2012 touchscreen - ✓ ✓ ✓ - - -
Xiao et al. [35] 2015 touchscreen plastic stands with specific angles ✓ ✓ - 9.7 26.8
Mayer et al. [20] 2017 touchscreen optical tracker ✓ ✓ - 10.0 18.3

Rogers et al. [29] 2011 capacitive sensor array - ✓ ✓ - - -
Watanable et al. [34] 2012 photosensitive device - ✓ ✓ ✓ - - -
Kratz et al. [15] 2013 depth camera - ✓ ✓ - - -
Mayer et al. [22] 2017 depth camera multiple cameras ✓ ✓ - 15.4∗ 12.2∗

Holz and Baudisch [14] 2010 optical fingerprint scanner optical tracker ✓ ✓ ✓ - - -
Su et al. [31] 2016 inking method manual annotation ✓ - - 6.65
Ouyang et al. [25] 2017 inking method manual annotation ✓ - - 2.65
Yin et al. [38] 2020 inking method manual annotation ✓ - - 1.45
Ours - optical fingerprint scanner IMU, optical tracker ✓ ✓ ✓ 10.74 8.25 7.38
∗ Root mean square error, RMSE

accuracy is further improved benefiting from the powerful feature
extraction ability of deep neural networks. Due to the usage of ca-
pacitive images with low resolution and poor information, however,
finger pose estimation performance is limited in these approaches.
Furthermore, capacitive images are not sensitive to the roll angle
while rolling is a convenient action for most fingers, therefore, roll
angle is rarely estimated in these abovementioned methods.

To alleviate the lack of information, Rogers et al. [29] first at-
tempted to use a set of capacitive sensors which were placed at
lattices to track 2D touching position and 3D finger angels at the
same time. A camera was attached to the fingernail in [34], and
the luminance was measured to estimate current pitch and yaw
angles, while the mounted camera constrains the nature range of
finger orientation. Kratz et al. [15] and Mayer et al. [22] employed
additional depth cameras to capture point clouds of fingers while
touching on displays, then pitch and yaw angles were predicted
based on the collected point clouds. These approaches show that 3D
finger pose can be estimated by using sensors specially designed for
this task. However, the application scenarios are constrained due to
the difficulty and costs of adding additional sensors in smartphones
or tablet computers for real applications.

More recently, fingerprint images have also been utilized in
human interaction systems. Gust [8] calculated relative motion
between two fingerprint images by analyzing optical flow. Holz
and Baudisch [14] first proposed to use fingerprint images from
a RidgePad prototype as an auxiliary information for rectifying
touching points. In this method, a set of fingerprint images with
corresponding finger angles were enrolled as finger specific gallery,
and then by computing the similarity scores between input finger-
print and gallery fingerprint images, top-k matches were selected
and merged to predicted finger angles of the input image. 3D finger
pose is available though, the accuracy of pose estimation is not re-
ported since the predicted finger angles are used for touching points
rectifying eventually. Besides, estimation performance and time
consuming are conflicting for this method: higher performance is
achieved using pre-enrolled gallery with large size and wide range,
while consuming more time in enrollment and testing.

In the field of fingerprint recognition, estimation of 2D fin-
gerprint pose, the yaw angle, is also an important task. Various

approaches have been proposed to predict fingerprint pose, e.g.
Hough-voting [36], SVM classifier [31], and deep learning [25, 38].
Note that fingerprints used in these researches are rolled finger-
prints typically captured in forensic applications that contain more
information compared with plain fingerprints used in daily appli-
cations. And the range of yaw angle is limited in these fingerprint
datasets collected in controlled environment, therefore, the esti-
mation error is significantly small as shown in Table 1. Compared
with 2D fingerprint images, 3D fingerprints have drawn increas-
ing attention because of its superiority on the wider effective area
and incorporation of 3D geometry information recently. However,
up to date, reconstructing 3D fingerprints are always performed
in contactless manners, e.g. reconstructing based on structured
light illumination [33], shape-from-silhouette [26], and multi-view
cameras [16, 18]. Obviously, reconstructing 3D fingerprint using
contactless images or point clouds is not feasible for mobile devices
where contact based fingerprint images are used.

3 DATA ACQUISITION
Since there is no public under-screen fingerprint dataset for 3D
finger pose estimation, the first step in our study is to collect a
new database for developing and evaluating our algorithm, which
consists of fingerprint images with corresponding 3D finger angles
ground truth. The overall acquisition system, shown in Figure 3,
consists of an optical fingerprint scanner, an inertial measurement
unit (IMU), an optical tracking camera, and some reflective markers
for tracking. The optical fingerprint scanner1 is utilized to capture
fingerprint pressing sequences (video). The IMU2 is attached to
fingernail to record 3D finger angles while constructing finger
specific gallery. And the optical tracking camera3 is utilized to
record 3D finger angles as ground truth for evaluation. The reason
for using two different pose sensing devices is that utilizing optical
tracking system in enrollment is not practical because of high cost
and large size. Instead, using a small IMU is a more realistic and
acceptable option.

1http://www.dotutech.com/en/pro_d.php?id=3
2https://www.wit-motion.com/9-axis/witmotion-jy901-ttl.html
3https://www.ps-tech.com/products-pst-iris
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Figure 3: The whole data acquisition system. From left to right: optical fingerprint scanner with inertial measurement unit
(IMU) and with optical tracking system. Reflective markers are used to track and determine finger pose.

Figure 4: Some examples collected. The top row shows the fingerprint images and the bottom row displays the corresponding
finger pose rendered in a 3D scene.

Totally 9 volunteers (9 men with average age of 25) were invited
to participate in the data acquisition procedure. And 6 frequently
used fingers including thumb, index, and middle from both left and
right hands for each subject were captured. Fingerprint pressing
sequences (video) as well as the corresponding 3D finger pose for
each frame were collected by rolling fingers on the fingerprint
scanner. Note that the acquisition process was applied twice with
an interval over 6 months.

• Data collected in the first round was used as pre-enrolled
gallery in our study. An IMU were attached to the finger
to record 3D poses (see the left in Figure 3). Participants
were advised to touch the fingerprint scanner by rolling
their fingers from one side to the other side, i.e. mainly roll
angle is changing. Eventually, a rolled-like fingerprint can
be easily obtained by mosaicing these fingerprint images.

• Data collected in the second round was used for evaluation.
A small stent with reflective markers were fixed on the finger,
and finger pose was determined by calculating the relative
transformation by tracking the reflective markers on the
stent and fingerprint scanner respectively (see the right in
Figure 3). In a comfortable way, participants were asked to

change roll, pitch, and yaw angles of their fingers steadily to
ensure a wide range for each angle, which is different from
the first round.

In this way, image intensity and deformation pattern are different
between two collections, therefore the generalization and robust-
ness of finger pose estimation algorithms are able to be evaluated.
The initial pose of each finger is aligned before capturing based on
the data acquisition software developed by ourselves.

The size of captured fingerprint images is 800 × 750 pixels with
the resolution of 500 ppi. The optical tracking system contains 4
reflective markers on the stent and 5 additional markers on the
fingerprint scanner (see the right Figure 3). For IMU and optical
tracking system, the sample rate of images and finger angles are
set at the same frequency 50 Hz. Besides, the sequential images are
not saved to disk until all frames have been collected.

Finally, a total of 23,099 fingerprint images and corresponding
finger poses ground truth were collected. Some examples are shown
in Figure 4.
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4 METHODS
We propose a finger pose estimation algorithm based on fingerprint
images using 3D surface reconstruction, keypoint matching, and
projection reversing. To eliminate the redundant information con-
tained in all fingerprint images during enrollment, 3D surface is
reconstructed to represent the curvature of finger surface. Then a
keypoint matching approach is applied to explore the dense reg-
istration between current frame and the reconstructed 3D model.
Finally, finger pose is estimated by resolving the projection ma-
trix based on the keypoints correspondence abovementioned. The
overall flowchart of our method is illuminated in Figure 5.

4.1 Finger Surface Reconstruction
As demonstrated in [14], a finger specific gallerywithmany enrolled
fingerprint images contains sufficient information for accurate pose
estimation, while resulting redundant searching. However, a small
size gallery might degrade estimation precision due to sparse dis-
tribution in 3D pose space. Therefore, to utilize information within
fingerprint images more efficiently, we merge all fingerprint images
and corresponding 3D finger poses within a finger specific gallery
to reconstruct 3D finger surface, which can be used for pose estima-
tion subsequently. For each frame, a coherence based fingerprint
segmentation algorithm [1] is first applied to exclude background,
and followed by a surface normals estimation to merge sequen-
tial information. Finally, given the surface normals, trapezoidal
numerical integration is adopted to reconstruct finger surface.

Surface normal vectors estimation. Generally, fingerprint im-
age plane is the tangent plane of finger surface in extreme circum-
stance that only one point within the touching area. Considering
the skin deformation caused by pressing, therefore, a dense map of
normal vectors, which plays a similar role as depth map, is required
to describe the curvature of finger surface. Intuitively, image inten-
sity is different when the touching pressure varies, thereby making
it a rational assumption that curvature of finger skin Icurv is pro-
portional to the touching pressure Ipress , i.e. intensity distribution
Idistr ib

Icurv ∝ Ipress = λIdistr ib .

λ is affected by various factors, e.g. finger shape and skin conditions,
therefore, it should be different for different touching sequences.
In depth-like map, according to the equation of curved surface, 3D
surface normals are equivalent to 2D gradient vectors{

дx = (1,∇x f )T

дy = (1,∇y f )T
=⇒ n = (−∇x f ,−∇y f , 1)T, (1)

where f denotes the value in pressure map abovementioned, n
denotes the surface normal, дx and дy denotes the gradient of X-
and Y- direction respectively.

Considering the constraints of adjacent frames that the calcu-
lated surface normal at the same position are supposed to be paral-
leled, all frames are first transformed to a standard pose and then
the surface normals estimation is optimized on the whole aligned
sequence to calculate the optimal ratio {λk |k = 1, . . . ,K } for each
frame

min
λk>0

K∑
k=1




λkn′
k − n′




2
2
, n′ =

1
K

K∑
k=1

λkn
′
k (2)

where K is the number of frames within a sequence, and n′ is the
aligned surface normal. Note that only points within the fingerprint
segmentation mask are taken into account, and finally, all surface
normals are calculated based on the optimized ratios.

Trapezoidal numerical integration. Given the estimated sur-
face normals, we reconstruct finger surface by reversing the con-
version in Equation 1

n = (nx ,ny ,nz )
T =⇒

{
дx = (nz ,−ny )

T

дy = (nz ,−nx )
T . (3)

We select the deepest point as the origin where the surface nor-
mal is parallel to z = (0, 0, 1)T. A trapezoidal numerical integration,
i.e. integrating along X- direction first and then Y- or Y- direction
first and then X-, is followed to reconstruct finger surface using
the converted gradient vectors in Equation 3. Apart from the point
cloud of finger surface, a point-to-point correspondence map to the
mosaic fingerprint is obtained at the same time. Figure 6(a) presents
several gallery images, and its reconstructed finger surface as well
as the corresponding mosaic fingerprint is shown in 6(b).

4.2 Pose Estimation
Similar with the stereo vision that observed object features change
obviously with different perspectives, the number and topology
of keypoints also change when fingers touching with different
pose. Based on this idea, we propose a 3D finger pose estimation
algorithm by reversing the projection process, i.e. estimating the
optimal projection parameters based on an orthogonal projection
assumption in capturing fingerprint image.

Sparse keypoint matching. Firstly, keypoints correspondence
between test fingerprint image and the mosaic fingerprint image is
explored for a sparse initial registration. In [14], the widely used
keypoint and descriptor extraction algorithm, speed up robust fea-
tures (SURF), is utilized to calculate the similarity between test
image and enrolled image. However, due to various skin conditions,
matching performance between images collected with large inter-
val is unsatisfactory. Consequently, minutiae, the most prominent
ridge characteristics, are utilized in this study. The two main cate-
gories of minutiae, endpoints and bifurcations, are generally stable
and robust to fingerprint impression conditions [19]. We use a com-
mercial fingerprint preprocessing software VeriFinger to extract
minutiae from fingerprints in this paper [23]. Figure 10 shows an
example of fingerprint with two types of minutiae. A fixed-length
descriptor, minutia cylinder code (MCC) [4], is utilized to represent
the extracted minutiae. Then spectral clustering algorithm is em-
ployed to obtain the keypoint matching pairs and followed by a
random sample consensus (RANSAC) algorithm to remove outliers.
Figure 7(a) shows an example of keypoint matching after RANSAC
correction.

Dense spreading. Normally, minutiae in fingerprint are not
evenly distributed (see Figure 10), making the matching pairs ob-
tained previously infeasible for pose estimation because of the
confusion caused by sparse minutiae distribution, i.e. two test fin-
gerprint images obtained under different finger poses might contain
similar (even exactly the same) matching pairs, making it not trivial
to estimate finger pose due to the dominance of similar matching
pairs. Therefore, a dense spreading process is applied to expand the
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Figure 5: The schematic illustration of our algorithm. The finger pose is estimated by minimizing the 2D projection error of
the corresponding 3D keypoints.

(a)

(b)

Figure 6: An example of finger surface reconstruction. (a)
shows examples of gallery images, and (b) is the recon-
structed 3D finger surface and corresponding mosaic finger-
print.

matching pairs that lie on lattices while maintaining the correct
matching transformation. Specifically, thin plate spline (TPS) is
implemented to compute the dense correspondence between two
fingerprint images, and points outside of fingerprint foreground
mask are removed. An example of dense correspondence is illumi-
nated in Figure 7(b).

Projection reversing.Given the point-to-point correspondence
map abovementioned, dense matching pairs between 2D image
and 3D model is further calculated and followed by a projection

(a)

(b)

Figure 7: Keypoint matching in 3D pose estimation. (a) is
an example of sparse keypoint matching, and (b) after the
dense spreading.

parameters prediction. Denote pi = (ui ,vi ) and Pi = (xi ,yi , zi ) as
the i-th matching point in 2D image and 3D model respectively,
and minimize the projection errors

min
s,α,β,γ ,tx ,ty

N∑
i=1

[
(ui − srT1 Pi − tx )

2 + (vi − srT2 Pi − ty )
2
]
, (4)
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where r1 and r2 indicate the first and second row of rotation matrix

R =


rT1
rT2
rT3

 = R(γ ) · R(β) · R(α).

s , α , β , γ , tx , and ty are projection parameters to be optimized
which denote scale factor, roll, pitch, yaw angle, translation along
X- direction, translation along Y- direction respectively.

4.3 Boosting
Considering the time constraints in human-computer interactions,
it is not feasible to use a complicated minutiae extraction algorithm,
i.e. VeriFinger SDK which is developed for robust and accurate fin-
gerprint recognition under various complicated conditions. There-
fore, a boosting version is proposed by combining the strengths
of minutiae and SURF. Specifically, in test phase, minutiae based
matching is performed between keyframe and mosaic fingerprint,
while SURF based matching is performed between adjacent frames.
In this way, robustness and performance of keypoint matching is
ensured by minutiae based method. Then each frame is matched
with its last adjacent frame based on SURF, which is more effi-
cient than minutiae, and the matching correspondence with mosaic
fingerprint is further obtained, which is used for projection error
optimization. Besides, every frame is also matched with the last
keyframe by SURF based matching algorithm and when the sim-
ilarity score is lower than a specific threshold, a new keyframe
is selected. Two separate threads are created for minutiae-based
low-frequency matching and SURF-based high-frequency matching
respectively to boost the estimation process.

5 EXPERIMENTS
To evaluate the performance of our proposed method, experiments
on test fingerprint database are performed. As mentioned in Section
3, we collected a dataset with a total of 54 fingers. For each finger,
two fingerprint image sequences with corresponding finger poses
were collected twice with an interval over 6 months. The first
collection, with IMU attaching to the fingernail to capture finger
poses, is used as enrollment database for finger specific gallery
conduction, i.e. reconstructing 3D finger surface in our method.
While the second collection using optical tracking system is for
evaluation. The detailed statistics of two dataset are summarized in
Table 2. Furthermore, fingerprints are centered and cropped (the
cropped image size is 480 × 480) using fingerprint segmentation
mask to remove the position information, which may be correlated
with pose, but should be avoided in pose estimation.

5.1 Baseline Methods
Since there are neither public implementations of finger pose esti-
mation algorithms nor public fingerprint datasets for finger pose
estimation, we reimplemented several algorithms and used our col-
lected fingerprint images to perform evaluation. The same training
(enrollment) and evaluation dataset are used for all baseline meth-
ods and the proposed approach. Note that for those non-enrollment
approaches, images collected in the first round (enrollment dataset)
are used for training, and images from the same finger collected in

the second round (evaluation dataset) are used for evaluation, there-
fore the evaluation is relatively easier compared with enrollment-
based methods.

• First, we compare with a multiple features based algorithm
[35]. Since touching point is one of the outputs of capacitive
sensors and not available in our fingerprint scanner, and it
cannot be replaced by the moment of image intensity, which
is defined as the centroid of ellipsoid in [35], we implemented
this method without touching point related features, e.g. the
distance and angle between touching point and the ellipsoid
centroid. The rest features are extracted from the collected
fingerprint images for training and evaluating the Gaussian
process regressor algorithm.

• Deep learning has drawn lots of attention in object classifi-
cation and regression due to its powerful feature extraction
ability, therefore, we reimplement a CNN based model pro-
posed by Mayer et al. [20]. Considering that the algorithm
is developed for capacitive images originally, experiments
taking two types of input images (fingerprint images and
simulated capacitive images) are performed respectively to
make a comprehensive comparison. The capacitive images
are simulated by down-sampling the original fingerprint im-
ages to match the general resolution of capacitive images
(~4 mm pitch). An example of simulated capacitive image
is shown in Figure 2. Considering it is unfair to feed high
resolution fingerprint images to the shallow network in [20],
which is designed for extremely low resolution capacitive
images. we extended the network backbone to ResNet-50
[11], which consists of more parameters and deeper layers
than the CNN model in [20]. Similarly, for this deeper net-
workmodel, both two types of input images abovementioned
are also employed for training and evaluation respectively.
Images from enrollment dataset are split for training and val-
idation with a ratio of 9 to 1. Data augmentation is performed
on training images, including randomly cropping, rotation,
and translation. We trained the shallow model in [20] from
scratch and parameters pre-trained on ImageNet are used to
initialize ResNet-50. The same loss functions and hyperpa-
rameter settings in [20] are utilized. We implement the deep
network model in [20] and its extended model (ResNet-50)
on PyTorch with NVIDIA GeForce 2080Ti.

• Holz and Baudisch’s approach [14] is an enrollment-based
algorithm where the final finger pose is predicted by ex-
haustive searching in a finger specific gallery, and SURF
based feature extraction and matching algorithm is utilized
to determine image similarities. Originally, this method was
designed for touching point rectifying, although, we found
that it can be used for finger pose estimation intuitively.
The finger gallery dataset used for searching is the same as
the proposed method. Instead of SURF, we employ minutiae
based algorithm to extract image descriptors and calculate
image similarities, since SURF features are not robust to
the obvious difference between images from two collections
with large interval. Besides, based on keypoint matching
pairs extracted by minutiae based matching algorithm, an
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additional yaw angle rotation offset is calculated to improve
the yaw estimation accuracy, which is not introduced in [14].

5.2 Performance Analysis
In Table 3, we compare the proposed method with baseline ap-
proaches on the collected evaluation dataset. As shown in the table,
our non-learning method performs better than the other algorithms
with or without pre-enrollment. Note that the estimation error of
pitch angle is small for all fingerprint based algorithms, which is
reasonable since the distribution variance of pitch angle is limited
(see Table 2) in evaluation dataset. Besides, we found that the two
deep learning methods, Mayer et al. [20] and its deeper extension
ResNet-50, have a higher estimation accuracy using fingerprint
images compared with simulated capacitive images, which demon-
strates the importance of introducing input images with higher
image resolution, e.g. fingerprint images. Figure 9 shows the error
distributions of our method given its ground truth value of three
angles. Compared with the intrinsic distribution of the evaluation
dataset, the estimation error is reasonable since keypoint matching
might perform unsatisfactorily due to very small number of minu-
tiae for large pitch or roll angles. Several additional explorations
on fingerprint size and gallery size are shown as follows.

Errors for different visible sizes. Employing large size under-
screen fingerprint sensors on commercial devices is expensive.
Therefore, the pose estimation performance on the limited area
matters in real applications. To examine the performance of our
method on those sensors with limited size, we conducted three ex-
periments where fingerprint images are randomly cropped into 80%,
60%, and 40% visible size respectively. The resulting fingerprint im-
ages are shown in Figure 10. The evaluation results and comparison
with ResNet-50, the best-performing deep learning method without
enrollment, are listed in Table 4. We find the estimation accuracy of
deep model degrades significantly with the size of fingerprint area
decreasing. It is reasonable because limited ridge pattern informa-
tion is available and silhouette information is lost when the size of
visible fingerprint area decreases. Benefiting from the non-learning
scheme, the proposed method has a slight performance declining
compared with ResNet-50, which demonstrates the robustness of
our method on visible fingerprint area size.

Errors for different gallery sizes. For enrollment-based algo-
rithms, the representativeness of gallery has a significant impact
on the performance, while time-consuming and complicated en-
rollment should be avoided in real applications. To examine the
performance of our method with different gallery sizes, we de-
creased the finger gallery size to 10 and 3 respectively. The gallery
images were selected evenly making the range of angles invariable
compared with the whole finger gallery. Meanwhile, additional
two experiments were further conducted where the gallery images
were selected excluding the images with large angles, i.e. the abso-
lute value of roll angle greater than 45 and 30 degrees respectively,
therefore, the range of angles in finger gallery is limited, which
is common in real applications. Note that 10 images were evenly
selected from the finger gallery with limited range of angles. The
estimation errors and comparison with Holz and Baudisch method
[14] are shown in Table 5 and 6. Apparently, in our approach, the
quality of 3D reconstruction model and mosaic fingerprint image

get worse with fewer gallery images, therefore, the performance
degrades slightly with the gallery size decreasing. Compared with
Holz and Baudisch method [14], only one mosaic fingerprint and a
3D reconstructed finger surface are utilized in our approach, and
the information within enrolled fingerprint images is fully utilized
by 3D surface reconstruction. Consequently, less time is required
for enrollment with a smaller gallery size while not declining the
estimation performance significantly in our algorithm, and image
matching is applied once between test fingerprint and mosaic fin-
gerprint, thus reducing computation and memory consumption in
test phase. Besides, the weighted averaging in [14] might not be
reasonable when the 3D pose of fingerprint is out of the range of
angles in gallery, which is alleviated in our approach based on the
3D information of reconstructed finger surface.

The potential applications of pitch and yaw angles have been
discussed in previous studies, while as demonstrated in [7], differ-
ent orientation range is preferred for different fingers. Only two
angles, pitch and yaw, might not be sufficient in several constrained
scenarios, e.g. rolling and pitching a thumb is relatively convenient
compared to rotating the finger while using smartphones with sin-
gle hand, therefore, an accurately estimated roll angle of thumb
finger might provide more possible interactions for users in daily
applications.

6 LIMITATIONS
Although a good performance is achieved in this preliminary study
of estimating finger pose using fingerprint images, the current work
has following limitations.

As mentioned in Section 3 and 4.1, a simple rolling is adopted
to construct the finger specific gallery, where the fingertip area is
ignored. Therefore, the performance is unsatisfactory when the
pitch angle is large because of fewer matching points detected.
While this problem can be alleviated by an additional rolling where
fingers are tilted to capture fingertip area, then both two 3D finger
surfaces reconstructed with normal and tilted finger, are utilized to
determine the finger pose of a test fingerprint.

Different from the methods estimating finger pose directly, a
pre-enrollment is required in the proposed approach. And only
fingerprint images pressed by the enrolled fingers can be utilized to
estimate finger pose, which means enrolling with index finger while
estimating the finger pose of thumb finger accurately is infeasible.
However, considering that there are already fingerprint enrollments
in many smartphones, tablet computers, and other commercial
devices, users are familiar with the process of fingerprint enrollment.
Besides, a finger specific enrollment might help to improve the
estimation accuracy because of the customized model. Although
IMU is required to fixed a finger during enrollment which might not
be convenient in practical, it can be alleviated by applying automatic
relative pose estimation between adjacent pre-enrolled frames, and
even simply, users could be trusted to approximate the desired
finger pose as best as they can by following a guidance shown on
the screen, since relative pose is sufficient for reconstructing the
3D finger surface.

Besides, fingerprint images in our dataset were collected using a
traditional optical fingerprint scanner instead of the under-screen
fingerprint sensors in mobile phones, whose image quality might
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Table 2: Distributions of three angles in our dataset. Left is for enrollment and right for evaluation dataset. ‘#SN’ indicates the
number of frames within a sequence.

Roll Pitch Yaw #SN

Min -74.60 -45.79 -31.23 20
Max 73.70 16.41 55.94 74
Mean -3.02 -17.57 5.88 37
Std 41.43 11.46 11.20 13

Roll Pitch Yaw #SN

Min -59.92 -45.02 -74.97 95
Max 60.00 -0.08 75.00 543
Mean -4.34 -25.77 -0.38 316
Std 28.14 9.25 44.01 114

Figure 8: Distributions of three angles in evaluation dataset.

Table 3: Quantitative results for pose estimation algorithms. Errors are reported in degrees.

Algorithm Enroll Roll Pitch Yaw Overall

MAE SD MAE SD MAE SD MAE SD

Xiao et al. [35] No 24.91 19.64 11.71 9.82 34.84 15.22 24.11 17.92
Mayer et al. [20]1 No 28.01 19.15 11.82 8.07 34.19 20.58 24.67 19.34
Mayer et al. [20] No 23.58 17.14 9.02 6.59 28.44 21.78 20.34 18.40
ResNet-501 No 26.58 20.15 10.87 7.51 29.29 34.39 22.25 24.78
ResNet-50 No 14.93 12.01 6.98 5.81 12.84 13.00 11.58 11.28

Holz and Baudisch [14] Yes 11.22 10.57 9.04 7.76 7.99 10.49 9.42 9.79
Ours (boosting) Yes 11.24 12.76 8.75 8.75 7.88 12.76 9.29 11.66
Ours Yes 10.74 12.74 8.25 8.71 7.38 12.73 8.79 11.64
1 Simulated capacitive images are used for training and testing

Figure 9: Error distributions of our method for three angles collected in evaluation dataset. The gray area indicates 95% confi-
dence interval (CI).

be lower. Fingerprints of various factors are also not explored, e.g.
wetness, dryness, gender, and ages, which means the quality of the
collected fingerprint images is relatively high in this study. And we
implement the proposed algorithm on a PC with i5-6500 CPU and
24GB RAM rather than mobile devices which have limited compu-
tation resources, therefore, more specific algorithm optimization
and development are required for real applications.

Furthermore, fetching fingerprint images or extracted identity in-
formation, e.g. minutiae, from the Trusted Execution Environment
(TEE) of smartphones is still a controversial issue and in conflict
with current privacy policy for various third-party applications, not
to mention the constrained computation and memory resources on
mobile devices.

The potential applications of 3D finger pose has been extensively
discussed in previous studies [5, 14, 21, 35, 39], and deploying the
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Table 4: Performance of different fingerprint visible area sizes.MAE is utilized for evaluation. The average number ofmatching
pairs (ANMP) is reported to show the sparse keypoint matching performance.

Roll Pitch Yaw Overall ANMP

ResNet-50 full size 14.93 6.98 12.84 11.58 -
80% 22.21 8.17 17.90 16.09 -
60% 27.79 9.80 25.77 21.12 -
40% 30.58 11.26 35.50 25.78 -

Ours full size 10.74 8.25 7.38 8.79 35.5
80% 10.99 8.72 8.00 9.24 31.3
60% 11.26 9.33 8.67 9.75 26.6
40% 12.60 10.88 10.40 11.29 19.8

Table 5: Performance of different gallery sizes. MAE is utilized for evaluation. The average number of matching pairs (ANMP)
is reported to show the sparse keypoint matching performance.

Roll Pitch Yaw Overall ANMP

Holz and Baudisch [14] All 11.22 9.04 7.99 9.42 37.2
10 11.24 9.01 8.13 9.46 36.5
3 12.54 8.99 9.35 10.29 32.8

Ours All 10.74 8.25 7.38 8.79 35.5
10 11.07 9.32 7.97 9.45 35.5
3 11.67 9.19 8.27 9.71 35.4

Table 6: Performance of different ranges of roll angle in gallery. MAE is utilized for evaluation. The average number of match-
ing pairs (ANMP) is reported to show the sparse keypoint matching performance.

Roll Pitch Yaw Overall ANMP

Holz and Baudisch [14] complete range 11.24 9.01 8.13 9.46 36.5
≤ 45◦ 15.78 8.91 9.91 11.53 36.2
≤ 30◦ 19.39 8.91 11.47 13.26 35.1

Ours complete range 11.07 9.32 7.97 9.45 35.5
≤ 45◦ 14.99 10.13 9.44 11.52 34.5
≤ 30◦ 15.07 10.26 9.49 11.61 34.5

Figure 10: Fingerprint of various visible sizes. From left to
right, full-sized, 80%, 60%, and 40% images with visible minu-
tiae.

proposed algorithm to mobile phones is still infeasible due to above-
mentioned reasons, therefore, user studies with possible applica-
tions based on the estimated 3D finger pose is not conducted in this
paper.

7 CONCLUSION AND FUTUREWORK
In this paper, an enrollment based framework is proposed to esti-
mate 3D finger pose using fingerprint images via 3D finger surface

reconstruction, 2D-3D keypoint matching, and projection revers-
ing. To explore the feasibility and evaluate the performance of
our method, a dataset consisting of fingerprint images and the
corresponding ground truth finger poses is collected. To utilize
the information contained in pre-enrolled images, we reconstruct
the 3D finger surface to merge all gallery images, then a 2D-3D
keypoint matching followed by a projection error minimization
is applied to obtain the finger pose prediction. The experimental
results demonstrate the effectiveness of our approach, especially
when the visible touching area is relatively small that contour infor-
mation is lost and the representativeness of finger specific gallery
is limited, which are important factors in real applications. The
proposed work is a preliminary study for finger pose estimation
using fingerprint images. There are still a couple of problems to
be solved for real applications, which will be further explored in
future work.
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