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Abstract
Orientation Field (OF) is one of the most significant
characters to distinguish fingerprint images from nonfingerprint images. An effective definition of fingerprint
OF pattern will not only benefit fingerprint enhancement, but also contribute to latent fingerprint detection
and segmentation. The existing fingerprint OF models
either require pre-knowledge of singular points, or cannot be generalized to all kinds of fingerprint OFs. In this
paper, we propose to define the fingerprint OF patterns
based on low rank decomposition and sparse coding.
Then we apply this proposed method to fingerprint OF
recognition and detection. Experimental results prove
the effectiveness of our method.

1. Introduction
A fingerprint pattern can be distinguished from other
textural structures by the ridge frequency, orientation
field, and minutiae distribution [17]. Orientation Field
(OF) is one of the most important characters of fingerprints. It represents the trend of the ridge flow of
fingerprint. A good knowledge of fingerprint OF can
do much assistance to fingerprint segmentation and enhancement, especially in case of low quality image.
Consider the following scenarios. i) In latent fingerprint
with noising background, we may extract more than one
mainstream orientations in each block. We have to be
able to judge which orientations belong to fingerprints
and which are not. ii) To synthesize fingerprints, OFs
are created from singular points and then the fingerprint
ridges are created accordingly. The validity of OFs is
crucial to the effectiveness of the synthetic fingerprints.
iii) To separate the overlapped fingerprints, the OFs for
the two fingerprints have to be separated correctly. All
the above problems lead to the same question, how to
define a fingerprint OF pattern.
Defining a fingerprint OF pattern also means the
ability to distinguish a valid fingerprint OF from other

OFs. During the past decades, a large amount of works
have tried to depict the fingerprint OF through various mathematical models, which can be found in [17]
(Table.1) in detail. Generally speaking, these methods
can be classified as the deterministic models or approximation models. The deterministic methods [8] either
require pre-knowledge of singular points or put constraints on fingerprint features, which is not applicable
to our problem. The approximation methods [12] [13]
can be used to approximate any given OFs, which is not
necessarily a fingerprint OF. This means they are more
suitable for OFs smooth rather than fingerprint OF pattern definition.
In [16], the authors tried to detect the altered fingerprint by analyzing the OF pattern and minutiae distribution. They measured the rationality of the extracted OFs
according to the difference between the reconstructed
OF and the ground truth. However, this method doesnt
address the problem of rotation and translation. The location and angle of a fingerprint have to be determined
first. Besides, the polynomial model used in [16] does
not know the pattern of fingerprint OF. It just smooth
the given OFs. In 2013, Soweon et al. [17] proposed
a term, fingerprintness, to measure the similarity of a
given OF to a fingerprint pattern. The generalized ODE
model they proposed [17] constrain the number of singular points to be 0, 2, or 4, which is not always true for
latent fingerprints or partial fingerprints. In addition,
some of the test images in their experiments, which are
randomly selected from the ImageNet dataset and the
FERET database, are of less textural property. Thus the
experimental difficulty are reduced.
In this paper, we proposed a method to define the
fingerprint OF pattern based on low rank decomposition and sparse coding. Firstly we select the qualified
global OF frames to construct dictionary, during which
rotation and translation are addressed. Then we try to
approximate the given OFs by sparse coding, and the
difference between the ground truth OFs and the reconstructed OFs can be taken as a measurement of fingerprintness. This method can also be used to detect the

Figure 1. Six types of fingerprint and the
OF frames cropping from them. The six
types are arch, left loop, right loop, whole,
tended arch, and twin loop, respectively.
Figure 2. Several fingerprint OF frames.
fingerprint OF pattern in an latent image. Finally, a series of experiments are conducted to show the performance of our method in terms of fingerprint OFs recognition and detection.
The rest of this paper is organized as follows. The
global OF dictionary construction and sparse coding
process are described in section 2. The applications of
the proposed method on fingerprint OF recognition, detection and location are reported in section 3. Section 4
presents the experimental results and analysis. Section
5 gives the conclusion.

2. Proposed Method
The proposed method consists an off-line training set
selection process and an on-line stage for sparse representation. Firstly, the training set is selected through an
elaborate process. And then a low rank decomposition
technique is applied to the selected training set to remove noises. Finally a sparse representation algorithm
is used to reconstruct the OF from a test sample.

2.1

Training Set Selection

To construct global OF dictionary, we need to first
determine the size of OF frame, which we will use as
items in the training set. In this paper, for fingerprint
images of 500 ppi, we choose the size of OF frame to
be 256 × 256 pixels. We believe this size is neither
too small to represent a fingerprint OF pattern, nor too
large to include too much irrelevant information. As
shown in Figure.1, the 256 × 256 pixels frame is just
appropriate to capture the OF characters of 6 different
types fingerprints. The training set is selected from the
NIST Special Database 4 (NIST SD4) [2], which contains 2000 8-bit gray scale fingerprint image pairs. Each

image is 512 × 512 pixels. The training set is selected
as the following procedures.
1) Select high quality fingerprint images from NIST
SD4 [2] using the NIST Fingerprint Image Quality
(NFIQ) [6]. Only the fingerprints of NFIQ<3 are selected. To address the rotations of fingerprint OFs.
The fingerprint images selected are rotated by L angles, which are uniformly distributed from 0 to π (L
is set to 9).
2) Extract the OF maps and ridge quality maps of the
above fingerprint images and their rotated versions
using the MINDTCT (in NIST Fingerprint Image
Software) [11]. The OF maps are extracted over a
sliding window of size 24 × 24 pixels with a step
size of 8 pixels. The quality map contains 5 levels
of quality for each block (ascending order from 0 to
4). For the fingerprint image of 512 × 512 pixels,
64 × 64 windows of OF maps and quality maps are
obtained.
3) Acquire the OF frames by sliding a window of
32 × 32 blocks (256 × 256 pixels in fingerprint image) over the OF map with a step size of 8 block (64
pixels), leaving margins of 8 blocks in four sides.
Note that the translation of OFs can be addressed in
such a process. If the average quality value of an OF
frame is larger than a predefined threshold Tq (Tq
is set to 3.6), this OF frame is taken as a candidate
frame. For candidate frames as shown in Fig.2(a)
and (b), they do belong to fingerprint OFs. However,
we believe that they do not show the characteristics
of fingerprint OFs, thus they should not be included
in the training set. To realize this idea, we calculate
the coherence of the OF frame using the method in
[3]. If the coherence of a candidate OF frame is less

than a predefined threshold Tc , this OF frame is included in the training set. The threshold Tc is set to
0.55 so that the approximate parallel OF frames are
excluded, but the arch type OFs (shown in Fig.2(c)
and (d)) can be included.
4) Down-sampling the OF frame. For a 256 × 256
pixels fingerprint image, the data of the 32 × 32
OF frame are highly correlated. For simplicity, we
down-sample the OF frame to 16 × 16. Then concatenating the rows of each OF frames and calculate
their phases ti = [cos 2Θi ; sin 2Θi ]. ti is a sample
of the training set.

3. Sparse Representation for Fingerprint
OF Recognition
Sparse Representation is an effective and robust
method for signal processes [7]. It has been widely
used for face recognition, object reconstruction, image
restoration and so on. Although the images are naturally
very high dimensional, they are sparse on specific basis,
such as fourier basis and wavelet basis. In addition, in
many applications images belonging to the same class
exhibit degenerate structure [15], which means images
of the same class distribute in the low dimension subspace of the original high dimension space. Hence if we
take large plentiful samples as basis, given a new sample, we could arrive a sparse representation with respect
to such a basis [15]. In recent years, sparse representation has made a lot achievements in face recognition
field. Its key idea looks incredible: representing the test
image as a linear sparse combination of the training signals themselves [15], which means the training samples
are directly taken as the dictionary for sparse representation. The reason behind this idea is that images of the
same face under different gestures or illuminations distribute in a specific low dimension subspace, called face
subspace. Therefore, if we have enough training samples, we can represent a test sample as the sparse linear
combination of the training set.
Similarly, fingerprint orientation fields (OF) have its
own patterns. OFs belonging to the same fingerprint
class distribute in a certain low dimension subspace.
Therefore, we can take large amount fingerprint OFs
as training set, and represent a test fingerprint OF as
a linear sparse combination of the training set. Let
D = [D1 , D2 , . . . , DN ] ∈ Rd×N denotes the training
set obtained in section 2.1, Di denotes the ith training
sample. d is the dimension of each sample and N is
the number of samples. Then the sparse representation
problem can be stated as:
min k xt − Dαt k22 +η k αt k0 .
α

(1)

where xt is the test sample, αt is the coefficient vector,
η is the parameter which trade off the sparsity and reconstruction error. k · k0 is the L0 norm, which denotes
the number of non-zero elements.
The above sparse representation model is robust to
the noise in test sample. However, if the training samples are corrupted with noises, the performance of this
model will degrade seriously, which means that this
model is quite sensitive to the quality and quantity of
the training set.
In section 2.1, we select the training samples trough
a strict process and the training set D is of relatively
good quality. However, these sample OFs are lifted
from real fingerprint images, which naturally contains
breakage, vague and wrinkle in ridges. As shown in figure 3, OFs in training set D suffers from noises. But
we cannot know exactly which kind of noise each OF
suffers from, we are not able to denoise each sample
accurately. In this paper, we process the training set
with low rank decomposition technique, which can remove the noises of the training set, while retain their
discriminative information.

3.1

Low Rank Decomposition of Training Set

Recently, low rank model is a strong technique used
for high dimension data process. The basic low rank
model decompose a matrix into a low rank item and a
sparse item as follows:
min rank(A) + λkEk0 ,
A,E

s.t. D = A + E

(2)

The above formula try to approximate the original matrix D by a low rank matrix A. In [14], John Wright et
al. proved that as long as the error E is sparse enough
(relative to the rank of A), we can retrieve a low rank A
from D. This method is also called Robust PCA. The
traditional PCA is also aimed at find an effective low dimension linear subspace from the high dimension data.
If there are additive gauss noise in the original data, and
the amplitude of noise is low, then the PCA method can
be used to estimate the optimal linear subspace. However, if the noise is large, even it only corrupts a little
few samples, the subspace estimated by PCA method
is inaccurate. While the low rank model (Robust PCA)
could overcome this problem.
The optimization of rank(A) and L0 norm in formula 2 is a NP-hard problem, we could solve their convex surrogate as follows instead [14] [5]:
min kAk∗ + λkEk1 ,
A,E

s.t. D = A + E

(3)

The Augmented Lagrange Multiplier (ALM) method
can be used to optimize the above problem [4][10]. And

Figure 4. Sparse representation of OF.
(a) images and (b) their OFs, (c) reconstructed OFs. The first row is fingerprint
image and its OFs. The second row is
non-fingerprint image and its OFs.

Through the sparse representation process, Aα is the
reconstructed test vector, and the reconstructed OF can
be obtained easily as:

Figure 3. The low rank decomposition of
the training OFs. The columns from left to
right are the original data D, low rank data
A, and the sparse error E respectively.

θ̂ =

we can arrive at the optimal solution using the same iteration process as which in [14].
We decompose the training OFs D and get the low
rank representation A. As shown in figure 3, the original training OFs contains a lot irregular noises, which
will degrade the subsequent sparse representation of test
OFs. Through the low rank decomposition, the sparse
noises are removed and the discriminative information
in the original OFs is retained. The experiments in section 4 will show that the training set after low rank decomposition will represent the test samples better.

3.2

Fingerprint OF Recognition

1
(Aα)sin
)
arctan(
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(5)

where (Aα)sin represent the sinusoidal part, and
(Aα)cos is the cosinusoidal part.
Figure 4 shows the reconstructed results of a fingerprint OF and a non-fingerprint OF. We can see from
the figure that the reconstructed result of fingerprint OF
is an almost the same fingerprint OF, and the reconstructed error is small and sparse, while the result of
non-fingerprint OF is also a fingerprint-like pattern, and
its reconstructed error is large and non-sparse.
Therefore, we can distinguish the OFs of fingerprints
from those of non-fingerprints through the amplitude
and sparsity of the reconstructed error. The discriminant score can be calculated as:
(1 − ω)k cos(2θ̂ − 2θ)k22 + ωk cos(2θ̂ − 2θ)k1
N ∗N
(6)
where ω is the weight coefficient which trade off between the L2 norm and the L1 norm. θ̂ is the reconstructed OF, θ is the original OF, N = 16 is the size of
OF image. If the test OF is from fingerprint, the score
is closed to 1. Otherwise it is closed to 0.
S=

The sparse model used in this paper for fingerprint
OF recognition is as following:
min k xt − Aαt k22 s.t. k αt k0 ≤ κ
α

(4)

where xt is a test sample, A is the low rank training
representation, αt is the sparse coefficient, κ is the parameter which constraints the sparsity of αt .
As shown in figure 3, a given fingerprint OF can be
represented as the sum of a term from the low rank training set and a term of sparse error. So if a given OF
is non-fingerprint-like, it cannot be represented by any
samples from the training set, which will lead to a large
and non-sparse reconstruction error.

4. Experiments and Analysis
To verify the effectiveness of our proposed method
for fingerprint OF recognition, we designed several experiments which are quite challenging.
For fingerprint OF pattern recognition, the fingerprint OF frames are collected from FVC2000 DB1a,

Table 1. The parameters for the global OF
model
Parameter Description
L
number of angles the training
images are rotated
Tq
Threshold of the average ridge
quality
Tc
Threshold of the OF coherence
λ
Parameter in equation 3
κ
Parameter in equation 4
ω
Parameter in equation 6

Value
9
3.6
0.5
0.009
2
0.4
Figure 6. Latent fingerprint OF pattern detection. The first row are latent fingerprint
images. The second row are the corresponding OFs of the latent images.

Figure 5. ROC curves for the fingerprint
OF recognition based on sparse representation. The red line shows the ROC
curve under the low rank decomposed
training set E. The green line shows the
ROC curve under the original training set
A.

which consist 800 fingerprint image of size 300 × 300
pixels, by simply cropping a 256 × 256 pixels frame
from each image. The non-fingerprint OF frames are
collected from a public available texture database [9].
This database consists of 25 texture classes, 40 samples each. All these texture images are in grayscale,
648 pixels. Similarly, we crop a 256 × 256 pixels frame
from each of the 1000 images. Using the same OF estimate method as section 2.1, we could obtain their corresponding 16 × 16 OFs.
Parameters used in this paper are selected by experience as table 1.
Figure 5 shows the ROC curves for fingerprint OF
recognition. We could see from this figure that the proposed OF model performance good on OF recognition.
The FPR (False Positive Rate) is less than 3% when the
TPR(True Positive Rate) is larger than 85%. Besides, to

verify the effectiveness of the low rank decomposition
for the OF recognition, we also take the original training
set E as the dictionary for sparse representation, and the
experiment result is shown in figure 5, which shows that
the proposed method performs better when the training
set is decomposed by low rank technique.
In addition to fingerprint OF recognition, the proposed algorithm can also be used for fingerprint pattern
detection in latent images. It is important to judge if
there are effective fingerprint patterns in an crime scene
image. In this paper, we try to apply the proposed model
on fingerprint pattern detection. Firstly, given a latent
image of 500ppi, we extract its OF. Then a 256 × 256
pixels window is slided over the OF map. For each window, we applied the proposed model and calculate its
discriminant score. If the score is less than a predefined
threshold Ter , we think there is maybe a fingerprint pattern here. For each inspecting image, it is possible that
there are two or more windows possess fingerprint-like
OF pattern. These windows can be combined together
to locate the area of fingerprint.
Figure 6 shows the fingerprint OF pattern detection
in latent images.
In order to verify the effectiveness of the proposed
model in latents detection, we conduct experiment on
the Nist Special Database 27(SD-27). The 1000ppi
lossless latent images from Nist Special Database 27
(SD-27) [1] are used. We firstly convert these images
into 500ppi, and then we apply the proposed model on
these images. The detection results can be categorized
as three types: 1) Correctly detect. At least one fingerprint pattern in the image is correctly bounded. 2)
Wrongly detect. No valid fingerprint pattern is in the
bounding boxes for an image. 3) Fail to detect. No fin-
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pattern in latent images to some extent. As for the images those fail to detect, we can hardly find any fingerprint patterns by eyes. And as for the wrongly detected images, there are noises which make the local
OFs fingerprint-like. The proposed model can effectively assist the latent fingerprint detection.
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Conclusion

In this paper, we proposed a method to define a fingerprint OF pattern based on low rank decomposition
and sparse coding. This method can be used for fingerprint OF pattern recognition. The experimental results
for fingerprint vs. non-fingerprint OF pattern recognition, and the fingerprint OF pattern detection in latent
images validate the effectiveness of our method. The
performance for this method can be further improved
by combining the frequency and ridge information. We
will continue these work in the future.
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