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Abstract. A significant challenge in the development of automated fingerprint
recognition algorithms is dealing with intra-class variance among multiple
samples of the same fingerprint. A major contributor to this intra-class variance
is the inconsistency with which a finger is presented to the fingerprint scanner
across multiple authentication attempts. This paper investigates the consistency
of cooperative users in placing their finger on a typical fingerprint scanner, in
terms of the amount of translation and rotation of the finger on the scanner
surface and the percentage of reference minutiae that are present in the query
fingerprint during each authentication attempt. A database of 800 fingerprint
samples from 100 cooperative participants was collected for this purpose.
Analysis of this database resulted in a median horizontal translation of 13 pixels
(0.66 mm), a median vertical translation of 17 pixels (0.86 mm), a median
rotation of 2°, and a median minutiae repeatability of 96.1 %.
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1 Introduction

The development of automated fingerprint recognition systems is a non-trivial task. The
biggest challenge lies in dealing with the unavoidable variability between different
samples of the same fingerprint, which is referred to as intra-class variance [1]. Mul-
tiple images of the same fingerprint, acquired at different times, will always exhibit
some amount of intra-class variance, mainly due to the way in which a user interacts
with the fingerprint scanner. The more consistent the user is in placing their finger onto
the scanner, the more similar the resulting fingerprint images will be. The similarity
between different samples of the same fingerprint can, therefore, be used as a measure
of the consistency with which a user places their finger onto the scanner. Two fin-
gerprint images may be considered to be the effectively the same if they are aligned and
contain the same fingerprint minutiae. In the literature, it is generally assumed that two
fingerprint images will never be the same, i.e., they are likely to be misaligned and are
unlikely to contain all of the same minutiae. For this reason, over the years there
has been extensive focus on the development of a variety of fingerprint alignment
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techniques (e.g., [2–7]) and partial fingerprint matching methods (e.g., [8–10]) to
address these two causes of intra-class variance.

While the development of fingerprint alignment and matching techniques is cer-
tainly important, the nature and complexity of these algorithms should be suited to the
expected intra-class variance among the types of fingerprint images to which these
algorithms will be applied. The currently available public fingerprint databases are
suitable for testing fingerprint recognition algorithms that target uncooperative fin-
gerprint capture scenarios (e.g., the FVC series [11]); however, these databases do not
fairly represent the types of fingerprint images that are likely to be acquired from
cooperative users in civilian fingerprint recognition applications. Consequently, the
literature lacks information on the amount of intra-class variance that may reasonably
be expected in such scenarios, which makes it difficult to reliably evaluate fingerprint
recognition algorithms specifically designed to operate in those scenarios. Therefore, to
aid in the development and evaluation of these techniques, this paper investigates the
consistency with which cooperative users in civilian fingerprint recognition applica-
tions may be expected to place their fingers onto a fingerprint scanner during multiple
authentication attempts. The consistency is measured in terms of the horizontal and
vertical translations and rotations between multiple samples of the same fingerprint,
and the percentage of reference minutiae repeating in a query sample of the same
fingerprint. This investigation is important for the development and testing of finger-
print recognition algorithms that target cooperative-user civilian applications, because
it provides insight into how users of such applications are likely to interact with the
fingerprint scanner. The results of this investigation can also be used in the develop-
ment of fingerprint alignment and matching algorithms, since they provide practical
limits on the inconsistencies that may reasonably be expected between different sam-
ples of the same fingerprint. To the best of our knowledge, this type of investigation has
not been undertaken before.

Section 2 of this paper explains the reason and methodology behind constructing
our own database for this investigation. Section 3 analyses the new database to
empirically quantify the consistency of the database participants in placing their fingers
on the provided fingerprint scanner. Section 4 summarizes the findings of this inves-
tigation and offers suggestions on how user consistency may be further improved.

2 Fingerprint Database Collection

Commonly used public fingerprint databases (e.g., the FVC series [11]), have been
constructed by asking the participants to exaggerate the inconsistency with which they
place their finger onto the provided fingerprint scanner [12]. Figure 1 shows an
example of three samples of the same fingerprint from the FVC2002 DB1_A database:
the first image was acquired when the user’s finger was placed on the scanner in a
cooperative manner, and the second and third images are deliberately rotated and
heavily translated samples of the same fingerprint.

The nature of these databases makes them suitable for testing fingerprint recog-
nition algorithms designed for deployment in uncooperative user scenarios, e.g.,
forensics, where the latent prints are usually partial and of poor quality; border security,
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where a person may attempt to avoid being recognized as a criminal on a “wanted” list,
etc. However, they are not representative of fingerprint samples that would be acquired
from cooperative users in civilian fingerprint recognition applications. In such appli-
cations, it is in the users’ best interests to be recognized, so it is fair to assume that they
would be fairly consistent in the way in which they present their fingers to the fin-
gerprint scanner.

The aim of this investigation was to quantify the expected consistency of coop-
erative users in civilian fingerprint recognition applications. This consistency was
measured in terms of the translation and rotation of a person’s finger on the fingerprint
scanner surface across multiple authentication attempts, and the percentage of reference
minutiae that are present in a query sample of the same person’s fingerprint. At first, the
FVC2006 public fingerprint database [13], which was collected by asking the partic-
ipants to place their fingers on the scanner naturally, appeared suitable for our purposes.
However, the construction of this database did not involve a quality check on the
acquired fingerprint images. In our investigation, a quality check was important for two
reasons. Firstly, since one of our measures of user consistency is the percentage of
reference minutiae that are present in a query sample of the same fingerprint, and since
we were interested in evaluating minutiae persistence based on user consistency alone,
we had to eliminate the fingerprint quality factor from the database. This means that
fingerprint images acquired from the same finger had to be of approximately the same
quality. Secondly, our investigation targets civilian fingerprint recognition applications,
which usually perform a quality check on the captured fingerprint images [14]. This
helps to improve the chances of a correct authentication decision by ensuring that the
acquired fingerprint images are all of a sufficiently high quality for subsequent pro-
cessing. For this reason, using fingerprint images of very variable quality was irrelevant
to our investigation. Hence, the FVC2006 database was an unsuitable testing platform
for our purposes and it was necessary to collect our own fingerprint database. Sects. 2.1
to 2.3 describe our database collection procedure in detail.

2.1 Scanner Specifications

The images in our fingerprint database were acquired using the Futronic FS88 optical
fingerprint scanner [15]. Futronic provides a simple user interface, which shows a live
video of the user’s fingerprint when it is placed on the scanner’s surface. Scanning is
quick and easy, producing an 8-bit grey level fingerprint image with a resolution of 320
× 480 pixels, 500dpi.

Fig. 1. Three samples of the same fingerprint from FVC2002 DB1_A.
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A crucial property of electronic fingerprint scanners, which sets them apart, is their
underlying sensor technology. Since optical sensors are a popular choice in fingerprint
scanner design [16] and since these types of scanners generally exhibit similar user
interfaces, the FS88 scanner may be considered to be “typical”. This means that the
results of our investigation are not limited to this particular scanner.

2.2 Participant Selection

Our database consists of fingerprints provided by 100 volunteers. The requirement for
participation to be voluntary was the first step in ensuring that the database represents
cooperative users. The participants consisted of adults of both genders, from diverse
ethnic backgrounds and of various ages in the range [18, 60] (although most of the
participants were young adults).

2.3 Methodology

The participants were invited to play the part of cooperative users in a fingerprint-based
computer login application. They were asked to sit down at a typical computer station
with the scanner positioned on the desk approximately where the computer mouse
would be. Participants were free to move the scanner around and position it in
whichever way was most comfortable for them (as long as it stayed flat on the desk).
Each user was asked to choose a finger, which they would use to authenticate them-
selves in a fingerprint-based computer login application. The only guidance that the
users received regarding the proper placement of their finger on the scanner was that
the line of the first joint from the top of the finger should approximately lie on the line
just below the glass platen on the fingerprint scanner, such that the maximum finger-
print area is captured (see Fig. 2).

Participants were then asked to find a comfortable position on the scanner, which
they felt that they could naturally repeat for future scans. Prior to the first scan, the
quality of their chosen fingerprint was examined on the live scan video. People with
dry skin were asked to rub their fingers on the side of their noise or onto their forehead

Fig. 2. Illustration of the proper placement of a finger on the Futronic FS88 scanner: the
horizontal lines inside the red rectangles should approximately align (Color figure online).
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to apply some grease to the fingerprint, and those with excessively wet or greasy
fingerprints were asked to dab their fingers on a piece of clothing to remove the excess
moisture. A fingerprint image was deemed to be of sufficiently good quality when the
difference between the ridges and valleys was clear. The participant’s chosen finger-
print was then scanned 8 times.

Note that fingerprint databases are often constructed by acquiring multiple samples
of the same person’s fingerprint over several days. The purpose of this is to simulate
natural variability between the samples; e.g., on some days a person’s finger may be
drier than on other days. However, since our investigation required elimination of the
quality factor, simulating this natural variability was unnecessary. So, we elected to
collect each of a participant’s 8 fingerprint samples on the same day. To simulate
multiple authentication attempts, after each scan the participant was asked to remove
their finger from the scanner while their previous fingerprint image was manually saved
by a human operator. The images were saved manually to deliberately introduce some
delay in between the scans and to ‘distract’ the participant, thereby simulating different
authentication attempts. Once the scanning started, the human operator did not guide
the user in the placement of their finger on the scanner.

The participants were observed to be careful in the way in which they placed their
fingers on the scanner. They also became very aware of what a good quality fingerprint
image should look like after the initial quality check, and most controlled this quality
on their own for subsequent scans, without prompting by the operator. This suggests
that users are both capable and willing to be cooperative in a scenario in which they
want to be recognized.

3 Analysis of Finger Placement Consistency

The consistency with which the participants placed their chosen finger on the scanner
was analyzed in terms of three factors: translation, rotation, and captured fingerprint
minutiae. These factors are further described and analyzed in Sects. 3.1 to 3.3.

3.1 Translation

Translation refers to the horizontal and vertical offsets between multiple samples of the
same fingerprint. A horizontal translation occurs when the user moves their finger to
the left or right on the scanner surface, and a vertical translation occurs when the user
moves their finger up or down. The more consistent a user is in placing their finger on
the scanner, the smaller these translations will be.

To measure the translation between each person’s 8 fingerprint samples, a reference
point inside each fingerprint was first chosen. A reference point is a feature that is
present in all 8 of a person’s fingerprint samples. The most commonly used reference
point in practice is the core point, which has traditionally been defined as the center of
the north-most loop-type pattern in a fingerprint image, or for fingerprints that do not
contain loops the core usually corresponds to the point of maximum ridge line cur-
vature [17]. We thus decided to use the core point as the common reference point
between all 8 samples of each person’s fingerprint.
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The (x, y) location (corresponding to the (column, row) pixel indices in the fin-
gerprint image) of the core point in every fingerprint was extracted using VeriFinger
6.7 [18]. To ensure that we were working with ground-truth data, each fingerprint was
manually inspected to confirm that its core location was correctly determined. If the
core in a particular fingerprint sample was detected in the wrong location, but it was
correct in other samples of the same fingerprint, then those other samples were used as
a guide in manually identifying the location of the core point in the former fingerprint.
If the core was not detected in any samples of the same fingerprint, which was often the
case for Arch type fingerprints, then the point of highest curvature was selected as the
core point. The horizontal and vertical translations between every pair of a person’s 8
fingerprint samples were then calculated using Eqs. (1) and (2), respectively:

HTij ¼ jxi � xjj ð1Þ

VTij ¼ jyi � yjj ð2Þ

In Eqs. (1) and (2), HTij and VTij denote the horizontal and vertical translations (in
pixels), respectively, between fingerprint samples i and j from a single person. Further,
xi; yið Þ and xj; yj

� �
represent the x- and y-coordinates of the core point in the same two

sample images (i and j, respectively). The absolute value brackets in Eqs. (1) and (2)
suggest that we are only interested in the quantities of the translations, rather than their
specific directions. By “specific directions”, we mean directions within the larger class
of horizontal and vertical translations, i.e., left or right for horizontal translations, and
up or down for vertical translations. The reason that we are not interested in these more
specific directions is simply because they are arbitrary depending on which of a pair of
sample images is chosen to be i and which is chosen to be j in Eqs. (1) and (2).

Equations (1) and (2) were applied to our cooperative user fingerprint database to
calculate the horizontal and vertical translation, respectively, between each pair of
fingerprint samples originating from the same finger. Figure 3 compares the box and
whisker plots corresponding to the horizontal and vertical translation distributions
resulting from applying Eqs. (1) and (2) to all 100 people in our fingerprint database.

From Fig. 3, we can see that the median horizontal translation is 13 pixels, with an
interquartile range of 17 pixels (upper quartile of 23 – lower quartile of 6) and a range
of 48 pixels (upper whisker of 48 – lower whisker of 0). Similarly, Fig. 3 indicates that
the median vertical translation is 17 pixels, with an interquartile range of 23 pixels
(upper quartile of 30 – lower quartile of 7) and a range of 64 pixels (upper whisker of
64 – lower whisker of 0).

The fact that the median horizontal translation is slightly smaller than the median
vertical translation makes sense, because the height of the scanning surface of the
Futronic FS88 (which was used to acquire the fingerprint images for our database) is
1.5 times its width (this would have been a conscious design decision to approximately
replicate the shape of a finger). This means that the user has more freedom to move
their finger up and down than they do to move it left and right. Consequently, we
would typically expect vertical translations to be larger than horizontal translations.
Similarly, the fact that both the interquartile range and range of the horizontal trans-
lation distribution were found to be larger than the corresponding statistics pertaining to
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the vertical translation distribution suggests that there is more variability in the vertical
translations between different samples of the same fingerprint than there is in the
horizontal translations. So, not only are vertical translations more likely to be larger
(larger median), but there is also likely to be more variation in the actual values of those
vertical translations due to the greater degree of freedom in the vertical placement of the
finger on the scanner. Since, for reasons outlined in Sect. 2.1, the Futronic FS88 may be
considered a “typical” fingerprint scanner, we may conclude that the observations from
Fig. 3 extend beyond the Futronic FS88 scanner.

The results in Fig. 3 provide a fair estimation of the amount of horizontal and
vertical translation that we may expect, in pixels, between multiple images of the same
fingerprint, when the fingerprints are captured from cooperative users. To gain a better
appreciation of the significance of these translation amounts, Table 1 shows the pixel
values of the median, interquartile range and range of the horizontal and vertical
translation distributions from Fig. 3 in millimeters. Note that the fingerprint images in
our database all measure 320 pixels in width and 480 pixels in height, and the scanning
surface of the Futronic FS88 fingerprint scanner measures 16.26 mm in width and
24.38 mm in height. Taking these dimensions into account, Eq. (3) was used to convert
a horizontal translation from pixels to millimeters, and Eq. (4) was used to convert a
vertical translation from pixels to millimeters. Table 1 summarizes the results.

HTmm ¼ HTpix � 320
� �� 16:26 ð3Þ

VTmm ¼ VTpix � 480
� �� 24:38 ð4Þ
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Fig. 3. Box and whisker plots comparing the horizontal and vertical translation distributions.
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From Table 1, we can see that the median horizontal translation is 0.66 mm, with an
interquartile range of 0.86 mm and a range of 2.44 mm. The median vertical translation
was found to be 0.86 mm, with an interquartile range of 1.17 mm and a range of
3.25 mm. These observations may provide the reader with a better appreciation of just
how consistent a cooperative user of a fingerprint recognition application may be
expected to be, when the scanner’s surface is designed in a similar manner to that of the
Futronic FS88.

The results of this investigation could come in useful when developing fingerprint
recognition applications in which user cooperation would be expected (e.g., in civilian
fingerprint recognition applications, such as computer login, for which it would be in
the users’ best interests to be recognized). The most obvious use for these results would
be in testing the suitability of the Futronic FS88 scanner, or a scanner with a similar
user interface, for a particular application. Since the results indicate a high level of user
consistency in terms of finger translation on the scanner surface, we may conclude that
this type of scanner would be suitable for an application in which user consistency is
important. It is our hope that this investigation will inspire developers of fingerprint
recognition systems to conduct similar experiments when evaluating the suitability of a
particular scanner for their applications, as well as encouraging designers of fingerprint
scanners to consider how these results may influence scanner surface design.

Another use for the results of this investigation would be in the development of
fingerprint alignment algorithms. For example, our results in Fig. 3 and Table 1 provide
developers with a realistic approximation of the amount of horizontal and vertical
translation that is likely to occur among cooperative users (when the Futronic FS88 or a
similar scanner is employed). The results indicate that a suitable alignment algorithm
must be capable of resolving translations within quite a small range, which immediately
suggests that a coarse alignment algorithm may be unsuitable for this purpose. If
translational offsets between two different samples of the same fingerprint are to be
corrected using a common reference point, the results of our investigation could be
applied in speeding up the search for a common reference point between the two
fingerprints. For example, our results indicate that the locations of the core point in two
different samples of the same fingerprint should not differ by more than ± 48 pixels in
the horizontal direction and ± 64 pixels in the vertical direction. So, once the core point
is found in the first fingerprint sample, we may use the results of our investigation to
approximate the likely location of the core point in the second fingerprint sample.
Then, the search algorithm can be applied to the selected area first.

Table 1. Median, interquartile range and range of horizontal and vertical translation
distributions in pixels and millimeters.

Horizontal
translation

Vertical translation

Pixels Millimeters Pixels Millimeters

Median 13 0.66 17 0.86
Interquartile range 17 0.86 23 1.17
Range 48 2.44 64 3.25
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3.2 Rotation

Rotation refers to the difference in orientation between multiple samples of the same
fingerprint. The more consistent a user is in placing their finger on the scanner, the
more similar the orientations of their fingerprint samples will be, and thus the smaller
the rotation will be.

To calculate the rotation between each person’s 8 fingerprint samples, it was first
necessary to establish the ground truth orientation of each fingerprint. Since the ori-
entation of a fingerprint is commonly represented by the orientation of the core point,
we decided to adopt this method for calculating the ground-truth orientation of each
fingerprint in our database. As for the translation calculations in Sect. 3.1, the core
point from each fingerprint was extracted using VeriFinger 6.7 [18]; however, this time
we were only interested in the core angle, rather than its location. In order to ensure
that we were working with ground-truth fingerprint orientations, the angle of each core
point was manually inspected and corrected if necessary. The rotation between every
pair of a person’s 8 fingerprint samples was then calculated using Eq. (5), where hi and
hj denote the orientations of fingerprints i and j, respectively, from the same person:

/ij ¼ minð hi � hj
�� ��; 360� � hi � hj

�� �� ð5Þ

Figure 4 depicts the resulting rotation distribution in terms of a box and whisker
plot.

From Fig. 4, we may conclude that cooperative users of a fingerprint recognition
application may be expected to be very consistent in placing their finger onto the
scanner, such that the median rotation between multiple samples of the same fingerprint
should be 2°, with an interquartile range of 5° (upper quartile of 5° – lower quartile of
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Fig. 4. Box and whisker plot of the rotation distribution.
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0°) and a range of 12° (upper whisker of 12° – lower whisker of 0°). Note that this
consistency would also be influenced by the scanner’s design. The scanning surface of
the Futronic FS88, which was used for our fingerprint database collection, has been
designed to approximately replicate the shape of a finger; so, there is not much room
for rotating the finger when it is placed on the scanning surface. We may thus assume
that the results from this experiment extend to all other scanners with a similar design
for the scanner surface as that of the Futronic FS88.

As for the investigation on translation in Sect. 3.1, the results from the investigation
on rotation in the current section would be useful in the development of fingerprint
recognition systems. For example, our results in Fig. 4 indicate that, in order to correct
rotational differences between two different samples of the same fingerprint acquired
from cooperative users, the adopted alignment algorithm must be capable of resolving
small rotations. This suggests that a coarse alignment algorithm may be unsuitable.
Furthermore, our results indicate that it may be unnecessary to check for rotations of
more than ± 12°, which would be helpful in speeding up alignment methods that
exhaustively check every possible rotation until the correct one is found (e.g., [6]).
Finally, as suggested in our investigation on translation in Sect. 3.1, the results of our
evaluation on rotation in this section would also be suitable for assessing the suitability
of the Futronic FS88 scanner (and other scanners with a similar user interface) for a
particular application, and it is hoped that both the results of this investigation and its
methodology will come in useful for developers of fingerprint scanners.

3.3 Captured Fingerprint Minutiae

The area of the fingerprint that is captured during each scan is extremely important for
fingerprint recognition. Depending on how a finger is placed on the scanner, different
portions of the same fingerprint may be captured during multiple scans. The more
consistent a user is in placing their finger on the scanner, the higher the probability of
the same fingerprint area being captured every time. Since the ultimate point of
acquiring a fingerprint image is to use it for recognition purposes, and since the most
common fingerprint features used in recognition are a fingerprint’s minutiae, the
captured fingerprint area was analyzed in terms of the minutiae that were present in
each fingerprint image.

Recall that a fingerprint’s minutiae are small discontinuities in the underlying
fingerprint ridges. The most common minutiae types, which are illustrated in Fig. 5, are
the bifurcation and the termination. Since the bifurcation and the termination are
generally the only minutiae types considered in fingerprint recognition, our investi-
gation on minutiae persistence in this section considers only these two minutiae types.

To establish ground truth data, free from the errors of automated feature extractors,
the minutiae (bifurcations and terminations only) in each of the fingerprints in our
database were extracted manually. For each person, all possible pairs of images from
their 8 fingerprint samples were then established (same as for the translation analysis in
Sect. 3.1 and the rotation analysis in Sect. 3.2). In each pair, one of the fingerprints was
chosen to be the reference fingerprint and the other was the test fingerprint. To ensure
fairness, each fingerprint in each pair had a turn at being the reference. The
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corresponding minutiae between the reference and test fingerprints were then estab-
lished. In order to avoid faulty or missing minutiae correspondences, which may be the
result of using automated minutiae matchers, minutiae correspondences were deter-
mined manually. For each reference-test fingerprint pair, the percentage of reference
minutiae that were paired up with a minutia in the corresponding test fingerprint was
then calculated, and this was repeated for all 100 people in our fingerprint database.
Figure 6 depicts the resulting distribution corresponding to the percentage of reference
minutiae that are present in a test sample of the same fingerprint, in terms of a box and
whisker plot.

The box in the box and whisker plot from Fig. 6 suggests that, 50 % of the time, we
may expect cooperative users of a fingerprint recognition application to be consistent
enough in placing their finger on the fingerprint scanner to ensure that between 91.7 %
and 98.6 % of the minutiae present in their reference fingerprint (acquired during
enrolment) will be captured in their query fingerprint (acquired during authentication),

Bifurcation
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Fig. 5. The most common fingerprint minutiae types.
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Fig. 6. Box and whisker plot of the distribution corresponding to the percentage of reference
minutiae occurring in a test sample of the same fingerprint, when the minutiae are extracted and
matched manually.
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with the median being 96.1 %. The whiskers indicate that this percentage would be
expected to lie within the range [81.4 %, 100 %]. Note that this range encompasses
96.8 % of the entire distribution, which was used to generate the box and whisker plot
in Fig. 6; therefore, we may conclude that, 96.8 % of the time, we may expect between
81.4 % and 100 % of the same minutiae to be captured during every authentication
attempt.

The results presented in this section would be useful for the development of
automated fingerprint recognition algorithms intended for deployment in cooperative
user scenarios. For instance, knowing the percentage of reference minutiae that may be
expected to occur in a query sample of the same fingerprint would help in an estimation
of the likelihood that a false non-match is the user’s fault (i.e., caused by user
inconsistency in capturing the same minutiae). Such an analysis would be useful for
honing in on the most problematic modules in a fingerprint recognition system.
Although this point is dealt with in the dedicated investigation on minutiae persistence
in our complimentary publication [19], here we provide the reader with an example.
Consider the box and whisker plot in Fig. 7, which was generated by extracting and
matching the minutiae from each fingerprint in our database automatically (using
VeriFinger 6.7 [18]) instead of manually.

Table 2 compares the box and whisker plot quantities from Fig. 6 to their corre-
sponding statistics from Fig. 7.

From Table 2, we can see that, when the minutiae are extracted and matched
automatically, a reference minutia is less likely to appear in a query sample of the same
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Fig. 7. Box and whisker plot of the distribution corresponding to the percentage of reference
minutiae occurring in a test sample of the same fingerprint, when the minutiae are extracted and
matched automatically.
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fingerprint than when the minutiae are extracted and matched manually. This is because
the minutiae repeatability results for the scenario in which manual minutiae extraction
and matching are adopted is influenced by user consistency alone; however, when the
minutiae are extracted and matched automatically, then minutiae repeatability is
influenced by user consistency and potential minutiae extraction errors and potential
matching errors. This hints at an interesting way in which the results of our investi-
gation on minutiae repeatability may be applied in the development and testing of
automated fingerprint recognition algorithms. For example, considering the median
results in Table 2, we can see that the median percentage of reference minutiae
occurring in a query sample of the same fingerprint when the minutiae are extracted and
matched automatically is 9.3 % lower than the median percentage obtained when the
minutiae are extracted and matched manually. We may thus conclude that 9.3 % of the
reference minutiae are falsely not identified as being present in a query sample of the
same fingerprint due to errors in the adopted automatic minutiae extractor and matcher
alone. This tells us that, although minutiae repeatability is most significantly influenced
by user consistency, in this case there are some errors in the automated minutiae
extractor and matcher. Analysis of this sort would be useful for zoning in on the most
problematic modules in a fingerprint recognition system, which would enable the
development of more effective solutions.

Our results on minutiae repeatability would also be useful for gauging the suit-
ability of the Futronic FS88 scanner (and other scanners with a similar user interface)
for a particular application. Furthermore, these results may prove beneficial when
applied towards the development of user-friendly fingerprint scanners, since the results
indicate the ease with which the Futronic FS88 scanner (and others like it) allows its
users to be consistent in capturing the same minutiae across multiple scans of the same
fingerprint. A similar investigation conducted on different scanner designs would
enable the respective developers to draw sensible conclusions regarding the usability of
their product.

Another interesting application of our results on minutiae persistence would be
towards an evaluation of the practicality of certain minutiae-based fingerprint template
protection schemes. For example, we proposed a novel fingerprint template protection
scheme based on compact minutiae patterns in [20]. This method has been specifically
designed for deployment in cooperative user civilian fingerprint recognition applica-
tions, and it relies on the same subset of minutiae being present in every scan of a

Table 2. Comparison of box and whisker plot quantities for minutiae repeatability when the
minutiae are extracted and matched manually versus automatically.

Manual minutiae extraction
and matching

Automatic minutiae extraction
and matching

Lower whisker 81.4 % 60.9 %
Lower quartile 91.7 % 79.6 %
Median 96.1 % 86.8 %
Upper quartile 98.6 % 92.2 %
Upper whisker 100 % 100 %
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user’s fingerprint. It would thus be valuable to apply the results of our investigation on
minutiae persistence towards supporting the practicality of this method.

While the results in Fig. 6 are very encouraging in terms of supporting the expected
consistency of cooperative users, the percentage of reference minutiae repeating in a
test sample of the same fingerprint may be further improved. For example, note that the
reference minutiae that were missing from a test fingerprint were always those minutiae
that were close to the edges of the reference fingerprint. This suggests that edge
minutiae should not be relied upon to be present during every scan. Thus, a simple, yet
effective, way of increasing the proportion of reference minutiae that are present in
another scan of the same fingerprint would be to combine multiple samples of the same
fingerprint during enrolment to filter out only the most “reliable” minutiae. For
example, we could ask the user to scan their finger 3 times during enrolment, extract
the minutiae from each of those 3 fingerprints and ignore any minutiae that do not
appear in all 3 fingerprints. The remaining minutiae would be considered the most
likely to appear in another sample of the same fingerprint, and thus only those minutiae
should constitute the reference minutiae set. We would expect that, the more reference
fingerprints that are employed for reference minutiae filtering during enrolment, the
greater our confidence that a reference minutia will be present in a query sample of the
same fingerprint. A complete investigation into this matter is thoroughly detailed in our
complementary publication [19], which is dedicated to empirically evaluating minutiae
persistence among multiple samples of the same person’s fingerprint in a cooperative
user scenario.

4 Conclusions and Future Work

This paper investigates the intra-class variance between different samples of the same
fingerprint, when the fingerprints are acquired in a cooperative user scenario. In par-
ticular, the focus of the paper is on empirically evaluating the consistency with which
such users place their finger on a fingerprint scanner. The consistency is measured in
terms of the translation and rotation between a reference fingerprint and a query sample
of the same fingerprint, as well as the percentage of reference minutiae that are captured
in the query fingerprint. Analysis of a specially constructed cooperative user fingerprint
database resulted in a median horizontal translation of 13 pixels (0.66 mm), a median
vertical translation of 17 pixels (0.86 mm), a median rotation of 2°, and a median
minutiae repeatability of 96.1 %.

The obtained results suggest that we may expect cooperative users in a civilian
fingerprint authentication application to be very consistent in the way in which they
present their fingers to the fingerprint scanner – certainly much more consistent than
would be implied by typical public fingerprint databases, which have been deliberately
constructed to exaggerate user inconsistency. In light of these findings, it may be useful
to provide public fingerprint databases that are more representative of the types of
fingerprints that would actually be obtained in cooperative civilian fingerprint recog-
nition applications. This would enable more realistic evaluations of fingerprint recog-
nition algorithms that target such applications.
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The results from this investigation may be useful in several ways. Perhaps the most
obvious application is towards gauging the suitability of the Futronic FS88 scanner
(and other scanners with a similar user interface) for a particular application. Fur-
thermore, the results may be beneficial for estimating the user-friendliness of a similar
fingerprint scanner during its design process, and it is hoped that the methodology of
this entire investigation may inspire fingerprint scanner designers in general to conduct
similar experiments to evaluate the usability of their product. Another use for the
results of our investigation pertains to the development of fingerprint alignment
algorithms intended for deployment in cooperative user scenarios. For example, the
results obtained for the typical translation and rotation amounts and their respective
ranges may be applied towards establishing the required resolution (i.e., the smallest
translation and rotation amounts that must be able to be sensed) and computational
complexity (e.g., the maximum translation and rotation that must be tested in an
exhaustive search) of corresponding alignment algorithms. Finally, our results on the
percentage of reference minutiae that are likely to be captured in a query sample of the
same fingerprint would be helpful in the development and testing of automated fin-
gerprint recognition systems and certain minutiae-based fingerprint template protection
schemes by estimating the likelihood of a false non-match being the user’s fault.

While the results obtained from this investigation are very encouraging, it is pos-
sible to further improve the consistency with which users place their fingers on a
fingerprint scanner. A simple way of improving the percentage of reference minutiae
that are present in another sample of the same fingerprint would be to filter out only the
most reliable minutiae during enrolment. This could be done by capturing several
samples of the user’s fingerprint and then storing only those minutiae that appear in all
of those scans. Another interesting extension to this investigation could be the
implementation of a user guidance algorithm. For instance, to ensure that a user’s
finger is placed in approximately the same location on the scanner surface during each
authentication attempt, an outline of the enrolled fingerprint could show up on the live
scan. The users would then try to place their finger in the same location each time. This
method could be useful in ensuring that the same minutiae are captured during each
scan, by guiding the user into scanning the same fingerprint area every time. It would
be interesting to test the capability of such a user guidance algorithm in decreasing the
intra-class variance between multiple samples of the same person’s fingerprint.
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