
SCIENCE CHINA
Information Sciences

December 2019, Vol. 62 229102:1–229102:3

https://doi.org/10.1007/s11432-019-9930-4

c© Science China Press and Springer-Verlag GmbH Germany, part of Springer Nature 2019 info.scichina.com link.springer.com

. LETTER .

FClassNet: a fingerprint classification network

integrated with the domain knowledge

Yao TANG, Ruilin LI, Yuhang LIU & Jufu FENG*

Key Laboratory of Machine Perception (MOE), School of Electronics Engineering and Computer Science,
Peking University, Beijing 100871, China

Received 12 April 2019/Accepted 3 June 2019/Published online 18 September 2019

Citation Tang Y, Li R L, Liu Y H, et al. FClassNet: a fingerprint classification network integrated with the

domain knowledge. Sci China Inf Sci, 2019, 62(12): 229102, https://doi.org/10.1007/s11432-019-9930-4

Dear editor,
Ever since fingerprints were initially used as evi-
dence in criminal proceedings in 1892, the auto-
mated fingerprint identification system has been
used in a variety of contexts [1]. The fingerprint
classification techniques can be used to accelerate
the procedure by only comparing the query finger-
print with those that have been labeled with the
same class in the database. In particular, finger-
prints are divided into four classes according to
the Galton-Henry classification scheme [2] as Arch
(Tented Arch), Left Loop, Right Loop, and Whorl.
Fingerprint classification is still considered to be
challenging because of the high intraclass variabil-
ity and low interclass variability. Furthermore,
the presence of complex noise in low-quality fin-
gerprints, especially latent fingerprints, increases
the difficulty in this task.

Rule-based methods are the most intuitive and
simple methods for classifying fingerprints accord-
ing to the location and number of singular points
accompanied by the orientation field [3, 4]. How-
ever, hand-crafted rules are highly dependent on
the accuracy of the feature extraction results, and
a limited number of rules often do not allow to
cover complex scenarios. Instead of hand-crafted
features and rules, several learning-based algo-
rithms have been proposed for learning discrimina-
tive features from the data [5–8]. However, these
algorithms suffer from three major weaknesses.
First, the underlying models are typically trained
using natural images and are subsequently directly

applied to fingerprint classification tasks without
considering the domain knowledge of fingerprints.
Second, these methods are usually considered to
be black boxes that are difficult to interpret, ana-
lyze, and optimize. Finally, some large networks,
such as AlexNet and VGG, are time-consuming.

In this study, an FClassNet is proposed for per-
forming end-to-end fingerprint classification inte-
grating a deep neural network and the domain
knowledge. Because the orientation field contains
all the information required for performing fin-
gerprint classification, it is used as a signpost to
guide the FClassNet design. FClassNet comprises
the modules of backbone network construction,
orientation field estimation, and hybrid classifi-
cation. It offers the following three major ad-
vantages when compared with the previously pro-
posed deep-learning-based methods. First, the
hidden layers of FClassNet exhibit clear charac-
teristics of fingerprints, including as the orienta-
tion field, which makes it easier to analyze the
network’s mechanism and further optimize it. Sec-
ond, with the integration of the orientation field,
FClassNet is disentangled into several modules
which can be optimized and used separately. Fi-
nally, FClassNet is fast and small in size.

Our comprehensive experiments demonstrate
that the proposed algorithm significantly outper-
forms other methods in terms of the accuracy of
orientation field estimation and fingerprint classi-
fication. The main contributions of this study can
be summarized as follows.
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Figure 1 (Color online) The overall architecture of the proposed FClassNet comprising three modules: (a) module contains
the backbone network, (b) module performs orientation field estimation and segmentation using two UNets, and (c) mod-
ule performs hybrid classification combining the orientation-field-based end-to-end classification and singular-point-based
classification rules.

(1) The FClassNet that integrates a deep net-
work and the domain knowledge is proposed for
end-to-end fingerprint classification. FClassNet
can classify the fingerprints in a robust and fast
manner for achieving state-of-the-art classification
results on both tenprint and latent fingerprints.

(2) The hidden layers of FClassNet exhibit clear
fingerprint characteristics such as the orientation
field, which makes FClassNet interpretable and
easy to analyze. The orientation field estimation
module achieves state-of-the-art results using fin-
gerprints having different qualities.

(3) A hybrid classification algorithm is pro-
posed to ensure complete use of the orientation
field and boost the classification results. Fur-
ther, the orientation-field-based end-to-end clas-
sification network and singular-point-based classi-
fication rules are designed and integrated.

Methodology. Because the orientation field con-
tains all the information required for performing
fingerprint classification, it is used as a signpost
to guide the design of FClassNet. FClassNet is an
end-to-end deep neural network and comprises the
modules of backbone network construction, orien-
tation field estimation, and hybrid classification.
The overall architecture of FClassNet is illustrated
in Figure 1.

(1) Backbone network. In fingerprint classifica-
tion, the local region of a fingerprint is assumed to
be a plane sine wave defined as

w(x, y) = Acos(2πf(xcosθ + ysinθ)), (1)

where θ denotes the orientation and f denotes the
frequency of the local region. From this viewpoint,
the orientation field becomes the most essential
feature for describing fingerprints. Therefore, we
consider the orientation field as a constraint to
ensure that the network will learn this essential
feature. However, segmentation is also considered
to be a constraint because it allows to discrimi-
nate between areas containing fingerprints and not
containing fingerprints, particularly important for
low-quality fingerprints.

Here, we design a three-level fingerprint back-
bone network. The hidden layers from shallow to
deep represent the texture, orientation, and qual-
ity characteristics of the fingerprints, respectively.

(2) Orientation field and segmentation. Two
UNets are used to produce the orientation field and
segmentation from the OF and QF layers based on
the backbone network. Further, the architectures
of UNets are illustrated in Appendix A.

Because the labels are not provided for the ori-
entation field or segmentation and manual labeling
is time-consuming and labor-intensive, we follow
the concept of [9] to generate weak labels from
paired data.

The orientation loss function is defined as

Lori = Lce + λLcoh, (2)

where λ denotes the balance parameter, Lce de-
notes the cross entropy loss, and Lcoh denotes the
orientation coherence loss. Orientation coherence
reveals the characteristics of the fingerprint orien-



Tang Y, et al. Sci China Inf Sci December 2019 Vol. 62 229102:3

tation as a consistent field and is an important
regularization term. It can be defined as

d̄ = [d̄cos2(x, y), d̄sin2(x, y)],

||d̄||2 =

√

(d̄cos2(x, y))2 + (d̄sin2(x, y))2,

Lcoh = 1−
‖
∑

3×3(d̄)‖2
∑

3×3(‖d̄‖2)
, (3)

where d̄cos2(x, y) and d̄sin2(x, y) denote the sine
and cosine of the double value of the orientation
field, respectively,

∑

3×3 denotes the sum in a 3×3
neighborhood, and ‖ · ‖2 denotes the two-norm of
a vector. The closer the value of Lcoh is to 0, the
more consistent the orientation field will be.

For the segmentation loss function, we use the
intersection over union (IoU) loss function, which
is consistent with the segmentation target. The
IoU loss function can be defined as follows:

LIoU =

∑

N

i=1 y(i) · p(i)
∑N

i=1 y(i) +
∑N

i=1 p(i)−
∑N

i=1 y(i) · p(i)
,

(4)

where y(i) denotes the ground truth value and p(i)
denotes the predicted value.

(3) Hybrid classification. To make full use of
the orientation field, two branches of classifica-
tion methods are designed. A four-dimensional
vector representing the probability of a finger-
print being Arch (Tented Arch), Left Loop, Right
Loop, or Whorl is acquired from the orientation
field through a convolutional network. Singular
points (SPs) are detected from the orientation field
through a UNet, and the fingerprint class is ac-
quired from the SPs based rules. A fusion algo-
rithm, which is included in Appendix A, is de-
signed to complementarily integrate the two meth-
ods.

Performance evaluation. We evaluate FClass-
Net in terms of the accuracy of the orientation
field estimation and fingerprint classification us-
ing several databases having different qualities.
Further, experiments on the public databases of
NIST SD27 and NIST 4 demonstrate that the
proposed method significantly outperforms the ex-
isting methods. As a supplementary experiment,
we report the FClassNet performance over our in-
house CISL1000 database containing a large num-
ber of real fingerprints. It requires only 50 ms
for FClassNet to classify a fingerprint, indicating
that the proposed method can be used in practi-
cal situations. Because we acquire the probabil-
ity vector from the last layer of the orientation-
field-based classification network, a novel indexing
method is proposed based on the probability vec-
tor at no additional costs. This probability vector

provides flexible choices to balance the accuracy
and candidate length. The details of the experi-
mental results can be found in Appendix B.

Conclusion. This study proposes an FClassNet
for performing end-to-end fingerprint classification
that integrates a deep neural network and the do-
main knowledge. Because the orientation field con-
tains all the information required for performing
fingerprint classification, it is used as a signpost to
guide the design of FClassNet. FClassNet has the
following three major advantages when compared
with the previously proposed deep-learning-based
methods: the hidden layers are interpretable, the
modules can be optimized and used separately, and
the network is faster and smaller. The experimen-
tal results demonstrate that FClassNet achieves
state-of-the-art results in orientation field estima-
tion and fingerprint classification.
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