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ABSTRACT

Latent fingerprints play important roles in law enforcement
agencies. Due to its poor quality caused by unclear ridge
structure, uneven contrast and overlapping patterns, a latent
fingerprint enhancement is necessary for reliable feature ex-
traction. Gabor function is widely used to characterise ridge
structure and used in fingerprint enhancement. However, ga-
bor function can not capture the details of minutia that is the
end point or bifurcation of ridge. To utilize the prior knowl-
edge of both ridge and minutia, we propose to construct both
ridge and minutia dictionaries, and propose a two-step multi-
scale patch based sparse representation to enhance the ridge
using ridge dictionaries and enhance the minutia with both
dictionaries. Experimental results show that two-step SR al-
gorithm outperforms the SR only using gabor dictionary and
gabor filter on both minutia extraction accuracy and matching
accuracy.

Index Terms— Fingerprint enhancement, sparse repre-
sentation, orientation field, gabor dictionary, minutiae dictio-
nary

1. INTRODUCTION

Latent fingerprints refer to the impressions that left on objects
or surface unintentionally [1], and they play important roles
in law enforcement agencies to identify criminals and terror-
ists. However, such fingerprints are usually of low quality
due to unclear ridge structure, uneven contrast and overlap-
ping patterns [2]. Thus, features of the latent fingerprint are
traditionally manually marked so that they can be matched
by automated fingerprint identification systems (AFIS). How-
ever, manually marking features (1) is time-consuming, (2)
has a compatibility problem since features of full fingerprints
are automatically extracted, (3) is short of repeatability for
the reason that the features marked by different people or the
feature marked by the same person at different time are often
different. To address this problem, latent fingerprint enhance-
ment is needed to enable reliable feature extraction.

There are a number of algorithms aims to enhance the la-
tent fingerprints. Gabor filter is a widely used method, which
require ridge orientation and frequency to be estimated firstly
[3][2][4]. Recently, sparse representation [5][6][7] is used to
enhance latent fingerprints and achieve better enhancement

performance than gabor filter. However both gabor filter and
dictionary have the gabor form which can well characterise
ridge but can not capture the details of minutiae, which leads
to wrong and missing minutiae. Minutia is the most impor-
tant feature of fingerprints and has large impact in fingerprint
matching.

In order to address this limitation, we propose to construct
both ridge and minutia dictionaries to utilize the prior knowl-
edge of both ridge and minutia structure. Two-step multi-
scale patch based sparse representation algorithm is proposed
to enhance latent fingerprints using both ridge and minutia
dictionaries. Firstly, the fingerprint is decomposed by Rel-
ative Total Variation model. The texture component is en-
hanced in the following steps. Secondly, orientation field is
computed using a state-of-the-art orientation field estimation
method [4] and local gabor and minutiae dictionaries are con-
structed guided by orientation field. Thirdly, fingerprint is
enhanced by multi-scale patch sparse representation using lo-
cal gabor dictionaries. Finally, initial minutiae are extracted
and the regions near the minutiae are re-enhanced using both
gabor and minutiae dictionaries.

2. THE PROPOSED ALGORITHM

In this section, we will present the major steps of the proposed
algorithm: latent fingerprint decomposition with relative TV
model, orientation field computation, gabor and minutiae dic-
tionaries construction, and fingerprint enhancement via sparse
representation.

2.1. Latent fingerprint decomposition with Relative Total
Variation model

Since latent fingerprints have a lot of irrelevant contents (the
background of the fingerprint), we first use the Relative Total
Variation model (RTV) [8] to discard that. RTV can decom-
pose an image into two components: structure and texture (as
shown in Fig. 1). The texture component, which contains
the ridge pattern and some noise, is used for further enhance-
ment, while the structure part, which looks like the piecewise
smoothing result, is discarded.



Fig. 1. (a) A latent fingerprint and its RTV decomposed com-
ponents: (b) texture and (c) structure.

2.2. Orientation field computation

Orientation field is an important feature of latent fingerprint,
which plays important roles in latent fingerprint enhance-
ment [4][2][3]. Inspired by [7], we construct the dictio-
nary guided by orientation field in order to decrease both
the size of dictionary and the probability of choosing the
wrong basis when restoring by sparse representation. For
now, there are many orietation field estimation algorithms,
such as [9][10][2][4][11]. In this paper, we use the algorithm
proposed by Yang et al. [4] because compared with tradi-
tional methods, it exploits stronger location-dependent prior
knowledge and has higher accuracy.

2.3. Gabor and minutiae dictionaries construction

Larkin and Fletcher [12] proposed that a fingerprint image can
be represented as a 2D amplitude and frequency modulated
(AM-FM) signal. An ideal fingerprint can be represented as
[13]:

I(x, y) = cos(Ψ(x, y)). (1)

The phase Ψ(x, y) can be uniquely decomposed into two
parts [14]: the continuous phase and spiral phase:

Ψ(x, y) = ΨC(x, y) + ΨS(x, y). (2)

The continuous phase corresponds to the sinusoidal-
shaped waves of ridges in the grey-scale image. The spiral
phase, which consists of a set of N spirals, corresponds to
minutiae. A minutia emerges after adding a spiral. Each spi-
ral has general form:

ΨS(x, y) = arctan(
y − yn
x− xn

) + k ∗ π (3)

in which (xn,yn) denotes the coordinates of the spiral, k = 0
refers to a bifurcation minutia, and k = 1 refers to an
end point minutia (see Fig. 2). Gabor dictionary was used
in [5][6][7] since it can well characterize the sinusoidal-
shaped waves of ridges and has both frequency-selective and
orientation-selective properties [3]. The general form of 2D
Gabor functions is:

h(x, y, θ, f) = exp{−1

2
[
xθ

2

δx
2 +

yθ
2

δy
2 ]}cos(2πfxθ + ϕ0) (4)

Fig. 2. Relationship among minutia, continuous phase, and
spiral. (a) Continuous phase given by 2πfy. (b) Grey-
scale image given by cos(2πfy). (c) grey-scale image given
by cos(2πfy+arctan( yx )). (d) Grey-scale image given by
cos(2πfy+arctan( yx ) + π).

xθ = xcosθ + ysinθ (5)
yθ = −xsinθ + ycosθ. (6)

However, Gobor dictionary only contains continuous
phase. So, it can not restore the minutiae perfectly. Thus,
in this paper, we propose to construct minutia dictionary by
adding a spiral to gabor dictionary to capture more informa-
tion of ridges. The minutia dictionary’s atoms have the gen-
eral form:

h(x, y, θ, f) = exp{−1

2
[
xθ

2

δx
2 +

yθ
2

δy
2 ]× cos(2πfxθ

+ arctan(
xθ − xn
yθ − yn

) + kπ) (7)

in which (xn, yn) denotes the location of the minutia, and the
other notations have the same meaning as in equation (4).

To construct the dictionary, a set of atoms is constructed
by varying the parameter of equations(4) and (7). In this pa-
per, we choose the frequency f varying from 6 to 12 at step of
1, the initial phase ϕ0 varying from 0 to 5π/6 at step of π/6,
and δx = δy equal to the patch size. In gabor dictionary, the
orientation θ varies from θi− δ to θi+ δ at step of δ, in which
θi means the orientation at location i estimated in section 2.2,
and δ equals to π/20 to cover the situation when the orienta-
tion field estimation is not exactly correct. In minutia basis,
since the spirals generated by θ and θ + π are different, we
choose the orientation θ varying from θi − δ to θi + δ at step
of δ and from θi + π − δ to θi + π + δ at step of δ, and we
select 9 minutia locations (xn, yn) equally distributed on the
dictionary patches.

2.4. Fingerprint enhancement via sparse representation

Sparse representation has been proven to be powerful tool
in many fields due to the fact that important classes of sig-
nals such as audio and images have naturally sparse repre-
sentations with respect to fixed or learned bases [15][16][17].
Mathematically, sparse representation consider that a signal
y ∈ Rn can be decomposed as y = Dα + e. D ∈ Rm×n is
an over-completed dictionary, α ∈ Rn is a sparse coefficients



vector having a few of non-zeros coefficients, and e is noise.
Thus, each patch of latent fingerprint can be restored using :

Ŷ = Dα (8)

α = argminα0.5‖x−Dα‖22 + λ‖α‖0 (9)

in which λ is a tuning parameter to constrain the sparsity of
α. Equation (9) is solved using Orthogonal Matching Pur-
suit algorithm implemented in SPAMS (a SPArse Modeling
Software) [18][19].

For the reason that smaller patch size can preserve more
ridge details and larger patch size can restore the ridge cor-
rupted by noises. In this paper, we adopt the multi-scale patch
based sparse representation [6]: first reconstruct fingerprint
with small patch size (set to 21 in this paper) using λ1, and
then iteratively reconstruct the bad quality region using larger
patch size (plus 4 for each iteration) with λ2 until there is no
bad quality region or arriving maximum iteration (set to 5 in
this paper). Since the texture signal to be enhanced is weak,
λ1 is usually smaller than λ2.

Although gabor and minutiae dictionaries can characterise
both ridge and minutiae structure, using both dictionaries
from beginning will generate fake minutiae along the ridge
corrupted by noises. A better way is to reconstruct the ridge
with gabor dictionary and reconstruct the minutiae with minu-
tiae dictionary. Thus, we propose a two-step sparse represen-
tation methods to enhance latent fingerprints. Firstly, finger-
print is enhanced by multi-scale patch sparse representation
using local gabor dictionaries (with λ1 = 0.05, λ2 = 0.4).
And then, Verifinger SDK is used to extract the minutiae and
the regions near the minutiae (an ellipse region alone the ori-
entation with r1 = 8, r2 = 4) are re-enhanced using both
gabor and minutiae dictionaries (with λ1 = 0.04, λ2 = 0.15).
In this way, the corrupted ridges are recovered in the first step,
and the minutiae can preserved well in the second step (as
shown in Fig. 3).

3. EXPERIMENTAL RESULTS

In this section, the widely used NIST SD27 latent fingerprint
database that contains 258 latent fingerprints and their cor-
responding rolled fingerprints is used to evaluate the perfor-
mance of our method and gabor filter [3]. All the enhance-
ment algorithms are tested with the same manually marked
ROI of each latent, and the same automatically estimated ori-
entation [4]. The same SDK (Verifinger SDK 6.2, which
is a commercial fingerprint SDK with high full fingerprint
matching accuracy and fast matching speed) is used to extract
minutiae and compute matching score. Two types of evalu-
ations were performed: (1) direct evaluation of the accuracy
of minutiae extraction based on the enhanced fingerprints. (2)
evaluation of matching accuracy.
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Fig. 3. (a)Several fingerprints with its estimated orientation
field [3] and its enhancement results using: (b) gabor filter
[4]; (c) sparse representation using only gabor dictionary; (d)
two-step sparse representation. The correct, missing, wrong
minutiae are marked with red, green, blue rectangle respec-
tively.

3.1. Accuracy of minutiae extraction

Minutia is the most important feature in fingerprint matching.
Combining with fixed minutiae extraction and matching al-
gorithm, better enhancement algorithm is expected to provide
higher minutiae extraction accuracy and higher matching ac-
curacy. Given the manually marked minutiae for the latent
fingerprints in NIST27 database, we call an extracted minu-
tia a correct minutia if the distance between the extracted and
manually marked minutia is less than 10 pixels and the an-
gel difference is less than 20 degrees. The other extracted
minutiae are called wrong minutiae, and the manually marked
minutiae that have no corresponding extracted minutiae are
called missing minutiae.

Fig. 3 shows fingerprint enhancement results using three
algorithms: gabor filter [3], SR based on gabor dictionary and
the two-step SR using both gabor and minutiae dictionaries.
The correct, missing, wrong minutiae are marked with red,
green, blue rectangle respectively. As we can see, compared



Method Recall Precision Average
distance

Average
angle

difference
gabor

filter[4]
0.4725 0.2903 5.1939 1.9641

SR-gabor 0.4912 0.3532 5.1342 2.0731
two-steps

SR
0.4916 0.3616 5.0959 2.0515

Table 1. Accuracy of minutiae extraction on the latent finger-
prints of NIST27 database

with gabor filter, the results of SR have clearer ridge struc-
ture, since the gabor filter calculate the probability of each
pixels belonging to the ridge pixel by pixel while the results
based on SR are constructed by a linear combination of ga-
bor atoms and have structure consistency. Especially for the
region where ridge is corrupted by noises and the ridge struc-
ture is weak, the results of gabor filter is also weak, while
SR can reconstruct the ridge structure clearly. Compared with
SR only using gabor dictionary, the proposed two-step SR, re-
constructing the minutiae region using a more specified dic-
tionary, has better enhancement near minutiae and thus de-
creases the number of wrong minutiae and increase the num-
ber of correct minutiae (due to more accurate localization of
minutiae).

Quantitatively, we use four measures to evaluate the ac-
curacy of minutiae extraction: (1) recall (the number of cor-
rect minutiae/the number of manually marked minutiae); (2)
precision (the number of correct minutiae/the number of ex-
tracted minutiae); (3) average distance between extracted and
manually marked minutiae; and (4) average angle difference
between extracted and corresponding manually marked minu-
tiae.

The evaluation on the NIST27 database is shown in Table
1. As we can see, SR-gabor has higher recall, precision,
smaller average distance, and larger average angle difference
than gabor filtering, and the two-step SR has higher recall,
higher precision, smaller average distance and average angle
difference than SR-gabor. In general, SR is better than gabor
filter, and the two-steps SR is the best.

3.2. Matching accuracy

Our final goal of enhancement is to improve the latent match-
ing accuracy. In this section, Cumulative Match Character-
istic (CMC) Curve is used to evaluate the matching perfor-
mance and three latent fingerprint enhancement algorithms
are compared by conducting matching experiment on the
NIST27 database. To make the evaluation more realistic and
challenging, 27,000 rolled fingerprints (file fingerprints) in
NIST SD14 database as well as the other 257 rolled finger-
prints in NIST SD27 database are used as the background
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Fig. 4. CMC curves of three latent fingerprint enhancement
algorithms on the NIST27 latent database and subsets: (a) all
(258 latents); (b) good quality (88 latents); (c) bad quality (85
latents); (d) ugly quality (85 latents).

database. Each fingerprint (both latent and rolled fingerprints)
is enhanced using each enhancement algorithm. Since rolled
fingerprints have higher quality than latents, a smaller λ is
expected. We set λ1 = 0.05, λ2 = 0.2 while using gabor
dictionary, and set λ1 = 0.04, λ2 = 0.1 while using both
dictionaries.

The CMC curves on NIST27 database and the three sub-
sets (good, bad, ugly quality) are shown in Fig. 4. As we
can see, SR-gabor outperforms the gabor filter on all, good,
bad, ugly latent fingerprints, and the two-step SR outperforms
SR on all, good and bad subsets while is comparable on ugly
subset. The results are consistent with the results in section
3.1.

4. CONCLUSION

In this paper, we propose a two-step SR algorithm to utilize
both ridge and minutia prior knowledge: Firstly, the texture
component of fingerprint is extracted via RTV model. Sec-
ondly, local gabor and minutiae dictionaries are constructed
guided by orientation field. Thirdly, the texture component is
enhanced by multi-scale patch sparse representation using lo-
cal gabor dictionaries. Finally, minutiae is extracted and the
regions near the minutiae are re-enhanced using both gabor
and minutiae dictionaries. In this way, ridges are recovered in
the first step, the minutiae can preserve details in the second
step and our enhancement can achieve both higher minutia
extraction accuracy and higher matching accuracy.
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