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Abstract

A method using local features to assess the quality of
an image, with demonstration in biometrics, is proposed.
Recently, image quality awareness has been found to in-
crease recognition rates and to support decisions in mul-
timodal authentication systems significantly. Nevertheless,
automatic quality assessment is still an open issue, espe-
cially with regard to general tasks. Indicators of perceptual
quality like noise, lack of structure, blur, etc. can be re-
trieved from the orientation tensor of an image, but there
are few studies reporting on this. Here we study the orien-
tation tensor with a set of symmetry descriptors, which can
be varied according to the application. Allowed classes of
local shapes are generically provided by the user but no
training or explicit reference information is required. Ex-
perimental results are given for fingerprint. Furthermore,
we indicate the applicability of the proposed method to face
images.

1. Introduction

Automatic assessment of image quality by a machine
expert is difficult, but useful for a number of tasks: mon-
itor and adjust image quality, optimize algorithms and
parameter settings, benchmark image processing systems
[1].  Quality assessment methods can be divided into
full/reduced/no-reference approaches, depending on how
much prior information is available on how a perfect can-
didate image should look like. In this work we demon-
strate quality assessment of the second kind, where images
come from a specific application. The use of general quality
metrics originally suggested in image compression studies
[2], e.g. mean square error (MSE) or peak signal to noise
ratio (PSNR) is excluded because of poor performance in
recognition applications. Also, a “universal” quality metric
appears to be impossible: One application may use infor-
mation of an image not useful to another application. In
biometrics, for example, a face image contains information
not useful to a fingerprint machine expert. Ideally a qual-
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ity model involves features, which are preferably related to
each other, i.e. features which are reusable even for differ-
ent applications. In this work symmetry features are used to
automatically assess the quality of fingerprint images, but
also an indication of their appliance in face images is given.
We can not use more than general models when trying to es-
timate the quality of biometric images, since a high-quality
reference image of the same individual is usually not avail-
able, i.e. the link to the individual may not be established in
advance.

Once available, the benefits of having an automatic qual-
ity estimate include the following: First, when acquiring
biometrics, all samples presented by a person (either for an
enrolment or authentication purpose) can be checked au-
tomatically in terms of quality, this way enabling reason-
able discrimination among individuals in the first place [3].
Second, in an authentication configuration involving several
traits, e.g. face, fingerprint and speech, the quality of the
presented images influences the weight given to the respec-
tive expert at fusion stage, where a final decision is made.
The improvement of quality-aware fusion has been shown,
although mainly involving quality assessment done by hu-
man experts [4, 5]. Thirdly, the the quality of an image
might vary when considering only parts of it. For example,
when measuring the similarity among biometric samples,
high quality regions must be favoured [6, 7]. The three is-
sues above are not only important in biometric recognition
but also in other computer vision applications which involve
visual recognition, e.g. object recognition, image database
retrieval, etc.

As a result of recent fingerprint verification competi-
tions involving particularly low quality impressions, even
state-of-the-art algorithms’ performance decreases remark-
ably [8]. Recent advances in fingerprint quality assessment
include [7, 3, 9]. The novelty of this study consists in the
continuous modeling of all details in a fingerprint allowing
them to be used for dual purposes, recognition and quality
estimation. Additionally, while there are limited efforts de-
voted to the study of fingerprint image quality, to the best
of our knowledge no studies have reported on face image
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Figure 1. Patterns with orientation description z = exp (ing)

quality.

We will first describe our general approach to quality as-
sessment, and give further details in the case of fingerprint
and face images. We report quantitative and comparative
experimental results involving a different fingerprint quality
estimation method [3], as well as, manual (independent of
this study) quality indices assigned to the fingerprints of the
QMCYT database [5, 10]. Two fingerprint recognition sys-
tems [3, 6] are employed to study the effects of fingerprint
quality on the two systems, and, to observe how well manu-
ally and automatically assigned quality indices are agreeing.

2. Quality Assessment Features

The orientation tensor holds edge information, which is
exploited in this work to draw conclusions on the quality
of an image. Our target is to determine whether the infor-
mation is structured in some sense, i.e. to distinguish noisy
content from possibly non-trivial structures. The latter are
for example essential for recognition tasks, representing the
individuality of a biometric sample. Our method principally
decomposes the orientation tensor of an image into symme-
try representations, where the included symmetries are re-
lated to the particular definition of quality. Whether or not
a test image comprises these symmetries, will be a factor
determining the quality metric.

The orientation tensor is given by the equation

z= (Do f +1iDyf)?, (M

where D, f and D, f denote the partial derivatives of the
image w.r.t. x- and y-axes. The squared complex notation
directly encodes the double angle representation. For the
computation of the derivatives, separable Gaussians with
a small standard deviation are used. Next, the orienta-
tion tensor is decomposed into symmetry features of or-
der n, where the nth symmetry is given by exp (in¢ + «)
[11, 12, 14, 13]. The corresponding patterns are shown in
figure 1, e.g. straight lines for n = 0, parabolic curves
and line endings for n = =+1, circles, spirals and stars for
n = £2. In figure 1, the so called class member « is zero.
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Filters modeling these symmetry descriptions can be ob-
tained by

hn=(x+iy)" - g
hy = (z —iy) (2b)

where g denotes a 2D Gaussian with standard deviation (o).
These features are invariant to position, rotation, and (lo-
cally) to scale. For a more detailed review of symmetry
filters, i.e. symmetry derivatives of Gaussians, we refer to
[13]. Decomposing an image into certain symmetries in-
volves calculating (z, h,,), where (,) denotes the 2D scalar
product, yielding complex responses s, = ¢ - exp (i),
with ¢ representing the certainty of occurrence and « (class
member) encoding the pattern orientation of symmetry n
(for n # 2). Normalized filter responses are obtained cal-

culating §,, = <<|'Z’|h;0>> , by dividing s,, through the amount

forn > 0, (2a)

In|

g forn <0,

of certainty. In this way, {3,,} describe the symmetry prop-
erties of an image in terms of n orders. The ns can be cho-
sen to match the expected symmetries in a candidate image,
thus modeling a reference image by a limited number of
symmetry features. The definition of quality for a specific
application determines the orders and scales (o) used by this
model. Furthermore, we demand {3$,,} to be well separated
over the image plane, in that we look for a high and domi-
nant symmetry at each point. Equation 3 denotes a simple
inhibition scheme [14]

8, = s [ L0 = 134D, 3)

k

where k£ refers to the remaining applied orders, to sharpen
the filter responses. Consequently, a high certainty of one
symmetry type imposes a reduction of the other types. Sec-
ond, we calculate the covariance among {|3! |} in blocks of
size bxb. It is assumed that a large negative covariance is de-
sirable in terms of quality, because this suggests well sepa-
rated symmetries with reliable certainty measures c. On the
other hand, positive covariance implies the co-occurrence
of mutually exclusive symmetry types in the vicinity of a
point, which we consider an indication for noise or blur.
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Figure 2. Top row: Decomposition of the example fingerprint into inhibited linear and parabolic symmetry (soi,s1i) and their combination
(stota1); Bottom row: Intermediate steps in fingerprint quality estimation, i.e. the blockwise average of the total symmetry (sp), the interesting
blocks (ip), the blockwise correlation of the symmetries (1), and the final weighted quality (gb)

We incorporate this information by weighting the symmetry
certainty. Simply summing {5} } at each pixel gives a total
symmetry image Sy, Which is further averaged in blocks
of size bxb yielding s;. The quality measure g; for each
block is given by

@ =y(|rs]) - x(=7s) - 50, 4)

where x represents the Heavyside function (1 for positive
arguments, 0 otherwise) and r, denotes the correlation co-
efficient among {|3! |} for block b. The quantity 7, is cal-
culated as an average of the correlation coefficients between
any two involved orders 1y, ,, as defined by

Cov(|st |, |st
- (\_kl | z|). 5)
Var(|s),|) Var(|s; )

Note that r;, , = 3, ,, and that in case of employing only
two orders for the decomposition, e.g. 0 and 1, 7, sim-
ply is rp,, . The expression x(—ry) indicates a contribution
of s, # 0 if and only if the corresponding r; is negative.
The mapping function y controls the influence of 7, and is
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chosen empirically, e.g. y(t) = t? makes the method very
strict. A final quality metric is established by averaging gy,
over the “interesting” blocks 75, which are represented by
blocks where s, > 7, thus having a minimum total sym-
metry response. The proposed technique is demonstrated
in two applications, namely automatic fingerprint and face
image quality estimation.

3. Applications
3.1. Fingerprint quality assessment

By human experts, the quality of a fingerprint image is
usually expressed in terms of the clarity of ridge and val-
ley structures, as well as the extractability of certain points
(minutiae, singular points) [7]. We can model the behaviour
of the orientation tensor of a typical fingerprint entirely with
symmetry features. On one hand, a coherent ridge flow
has linear symmetry and thus can be modeled by symme-
try features of order 0. On the other hand, minutiae points
such as ridge bifurcation and ending have parabolic sym-
metry and can be modeled by symmetry features of order 1.
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Other prominent points in fingerprints such as core and delta
points can likewise be modeled by symmetry features of or-
der 1 and -1 respectively. Intuitively, features of order |n| >
1 are considered not meaningful here and are therefore
omitted. Also, order 1 can represent both 1 and -1 since the
filters respond similarly at singular points of different type,
and no further classification is needed. This means that only
three scalar products are needed with the orientation tensor,
(2, ho), (|z], ho) and (z, h1). The first two scalar products
essentially correspond to averaging the orientation tensor z
and its magnitude |z| respectively, whereas the last scalar
product corresponds to a complex derivation of z. All con-
volutions can be implemented employing 1D Gaussian fil-
ters and their derivatives, e.g. (z,h1) = ((z +1iy) - g,2) =
(x-9(x)-9(y),2z) —i(y-g(y) - g(x), z). By following the
concepts above, we obtain two inhibited symmetry images
sio and s‘l and a total symmetry image Soq]-

The top row in figure 2 depicts these results for an exam-
ple fingerprint of the FVC2004 database. As can be seen,
Stotal cONtains the relevant portion of the image. sio and s'1
are relatively well defined (the image is actually of bad qual-
ity) at linear and parabolic symmetry neighbourhoods re-
spectively. Furthermore we divide the total symmetry into
blocks s, and identify interesting blocks ;. Last we calcu-
late the correlation coefficient 7, in blocks between s}, and
s. The images containing these blocks for the example fin-
gerprint are displayed at the bottom of figure 2. We observe,
that the covariance is negative in reasonably good-quality
regions, whereas it is positive in noisy and bad-quality re-
gions. This separation is less apparent when considering
sp only. The bottom right image in figure 2 contains qual-
ity blocks ¢, which are a weighted version of s, (compare
equation 4) . Looking at the latter, bright blocks indicate
good quality. We average ¢, over the number of interest-
ing blocks in iy, to obtain an overall quality metric . This
metric lies in [0, Qmax] for some Qar < 1 depending on
the choice of y. Although we have confined our reporting
to boosting recognition rates, it should be noted that ¢; can
also be used in other fingerprint processing modules, e.g. to
steer a fingerprint enhancement process and to make feature
extraction or matching more robust.

The few published studies on fingerprint quality assess-
ment methods measure spatial coherence of the ridge flow
only, by essentially determining or approximating sg. Ad-
ditionally the latter is commonly partitioned into blocks
(80,,,)» Which are then weighted decreasingly with distance
to the fingerprint’s centroid when calculating a quality met-
ric. Inspecting, figure 4 reveals that this strategy may not be
enough, because important regions such as singular points
(e.g. core, delta) and minutiae are per definition incoher-
ent to the ridge flow, and their presence therefore automat-
ically impairs the estimated quality. In figure 4, averaged
so and our metric is shown on an image from the QMCYT
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Figure 4. Tllustrating the difference so,,, and gp. Here we can see
that the core point is misinterpreted in terms of quality when just
averaging so

database. Quantitative results with comparisons will be pre-
sented further below.

3.2. Face quality assessment

To show that the proposed method is not restricted to
quality assessment of fingerprint images only, we demon-
strate its usability for another biometric trait, i.e. to estimate
the quality of face images. In terms of quality definition we
can restate the demand for clarity of linear structures. In ad-
dition we can also expect circular patterns (e.g. eyes, nos-
trils) in a face image. For this reason we model the orienta-
tion tensor with symmetry features of orders O and 2 here.
Depending on the size of the face in the image, (o) may
be adjusted when decomposing the tensor. Except this, the
same steps as detailed above are applied in order to deter-
mine the quality measure. When constructing s,, we calcu-
late (2, ho) = ((x +1iy)*-g,2) = (2 - g(x) - g(y), 2) —
(W* 9(y) - g(@),2) —i2(x - g(x) -y g(y),2), involving
separable Gaussians and their 1st and 2nd order deriva-
tives. Thus, all convolutions are reduced to one dimen-
sion again. Furthermore, we apply a simple self damp-
ing of sy in neighbourhoods where arg(ss) # 0, refining
So = $o - | cos (arg(s2))], to focus on class member @ = 0
(compare last pattern in figure 1).

The top row of figure 3 shows a (cropped) example im-
age of the XM2VTS database, and the corresponding total
symmetry image Sy The latter contains the relevant por-
tions of the image, as can be observed. Following the steps
above, ¢ is calculated along blocks, yielding the image dis-
played to the right of s Here, g is bright, wherever s
is defined (s, > 7). In order to show the effects of noise
on ¢, we degrade the example image by adding Gaussian
noise. This is visualized in the second row of figure 3. The
presence of heavy noise counteracts the dominance of a sin-
gle symmetry at a point, and, in addition gives rise to mul-
tiple filter responses where no focused structure is present.
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Stotal

Figure 3. Quality assessment for two face images

This has an impact on the covariance between the differ-
ent orders, which in turn decreases the the combined cer-
tainty of the symmetries and thus the quality measure. In
the example of figure 3, the estimated quality decreases by
~ 70%.

A quantitative face image quality assessment is not pos-
sible to present, because a publicly available and indepen-
dently annotated database is lacking.

4. Experiments

We use a recently developed fingerprint recognition sys-
tem [6] for the experiments. It applied some features out of
the ones used for quality assessment above, but in a man-
ner primarily targeting on measuring the similarity among
fingerprints. The system efficiently worked with symme-
try features of order O and 1 throughout the whole pro-
cess of fingerprint alignment and matching. Only “well-
defined” regions of two fingerprints were considered for
comparison, which already indicated some quality aware-
ness of the system. In what follows it is referred to as
system A. All experiments are conducted on the QMCYT
fingerprint database [10], defining 750 fingerprints * 12 im-
pressions. For each impression a manually annotated (in-
dependent of this study) quality label [15] was available.
We compared these to the automatically determined ones.
To further extend experimental possibilities we also use the
publicly available NIST'FIS2 software for both fingerprint
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recognition, termed system B here, and fingerprint quality
assessment (NFIQ). It is worth mentioning that the grading
by the proposed method is continuous in [0,1], whereas it is
discrete for NFIQ and the human expert being in [1..5] and
[0..9] respectively. When applicable, the latter two output
ranges are normalized into [0..1].

First we show how the fingerprints are distributed in
terms of quality according to the different quality assess-
ment methods. Looking at figure 5, the estimated (pro-
posed method) and empirical (human opinion) distributions
show very promising similarities, whereas the proportion-
ing by the second automatic estimator is deviating notably.
Second we want to use these quality labels to show the con-
nection between recognition performance and quality of the
involved impressions, i.e. we want to examine the valid-
ity of the quality assessment. We can do this by partition-
ing the available fingerprints into “quality groups”, and test
the recognition performance taking only samples within the
same quality group. The 750 fingerprints are split into 5
equally sized partitions of increasing quality. The criteria
for a fingerprint to be part of a certain group included the av-
erage quality of its impressions. For each group we perform
150x9 genuine and 150x74 imposter trials. We show the
EER of the two recognition systems for all quality groups,
where the partitioning of the fingerprints is based on the dif-
ferent quality assessment methods (see figure 6). Observe
that recognition performance significantly increases along
with image quality, in particular when considering only the
two lowest quality groups. Also note that the proposed esti-
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Figure 5. Fingerprint quality distributions (1 is the highest quality
index)

mator comes closest to the human expert’s quality grading.

5. Conclusion

In this work we proposed a reduced-reference image
quality assessment method, and showed its interdisciplinary
applicability in two biometric traits, face and fingerprint im-
ages. As the experimental results on fingerprint quality esti-
mation underline, the proposed method compares well with
a human experts opinion. The results are in significant fa-
vor of the novel quality measure in comparison with other
quality metrics, NIST NFIQ. To the best of our knowledge,
this level of agreement with human opinion has not been re-
ported before. The two test fingerprint verification systems
show a monotonically increasing performance when only
fingerprints given continuously higher and higher quality by
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Disgjoint fingerptint groups with increasing quality

: The latter are derived by means of the indicated quality assessment

our estimator are involved. This leads to an EER of 0.2%
which is significantly better than using no-quality metrics.
Future work includes the study of using linear combinations
of symmetries of different orders to model the tensor, in-
stead of pushing one dominant symmetry. Furthermore, we
plan to experiment with different kinds of image degrada-
tions, particularly for the face image case.
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