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data set), and repeated the learning / performance evaluation
steps. As given in the left part of Fig. 7, in the case of the
UBIRIS.v2 set, performance consistently improves up to the
point where the augmented data is about 32x the original
samples (i.e., using approximately 350,000 artificial images),
above where improvements in performance decrease and start
to be residual. Regarding the FRGC set, the stabilization in
performance was observed a slight earlier, i.e., when the amount
of augmented data was 8x to 16x the number of original images
(corresponding to approximately 400,000 artificial images).
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Fig. 7. Left plot: variations in recognition performance with respect to the
amount of augmented data, with respect to the number of samples in the data
set. Right plot: decision environment of the responses given by the neurons in
the final layer of the CNN, distinguishing between the genuine (green) and
impostor (red) class scores. The zoomed-in region turns particularly evident
the recogniser bias. The upper row regards the UBIRIS.v2 data set, whereas
the bottom row gives the corresponding values for the FRGC set.

In terms of the typical scores generated by the CNNs, the
right side of Fig. 7 plots the genuine/impostor scores likelihood
densities for the UBIRIS.v2 (upper row) and FRGC sets. The
zoomed-in region turns particularly evident the classifier bias, in
which errors are most times due to false negative responses, i.e.,
the genuine distribution has non-zero densities along the unit
interval, which doesn’t happen for the impostor scores, where
non-residual densities appear exclusively near the zero value.
In practice, this yields one important requirement for biometric
systems to work in degraded data: the residual probability of
observing false-matches. In these cases, regardless the system’s
sensitivity, it can be stated with full confidence that any reported
match is genuine.

According to these results, in all subsequent experiments
we kept the amount of augmented data as 32x the original
data set and compared our algorithm’s performance to three
baseline strategies: the works due to Zhao and Kumar [27],
Tan and Kumar [24] and Proença [19]. These techniques are

summarized in Sec. II and were selected because they report
the state-of-the-art performance ([27] and [24]), use techniques
that are similar to ours ([27]) and were designed to work in
similar conditions to our method ([19]). However, note that
the Zhao and Kumar [27]’s method was designed to work in a
more challenging scenario, corresponding to the open-world
operating mode.

D. All vs. Periocular vs. Ocular CNNs

As stated above, the underlying hypothesis in this paper is
that periocular recognition performance improves when the
less reliable components (the iris and the sclera) are discarded
by the CNN. Fig. 9 compares the performance attained when
using all the image components (iris, sclera, eyelids, eyelashes,
eyebrows and skin), and when the components inside the
ocular globe are implicitly discarded (according to the data
augmentation strategy described in Sec. III-B1). As a reference,
we also show the performance obtained by the complementary
configuration (i.e., using only the iris and the sclera), which
is done simply by using the ID of the ocular part in each
augmented sample. As can be seen both in the ROC and
Rank-N curves, the best performance is attained when the
ocular components are discarded, with solid differences in
performance and non-overlapping confidence intervals. The
small reliability of the iris and sclera for biometric recognition
in visible-light environments is confirmed by the performance
attained by the Ocular classifier, with performance levels
dramatically poorer than the other two configurations (All
and Periocular). Results in this Fig. regard exclusively the
UBIRIS.v2 set, even though almost overlapping differences in
performance were observed for FRGC. As these results are
clearly redundant to those provided for UBIRIS.v2, we decided
not to include them in the paper.

Moreover, the different features learned by the CNNs when
using only some of the components are evident by analyzing
the average magnitude of the 512 (9 � 12) filters tuned by the
SGD algorithm immediately before the fully connected layers,
i.e., the first point in the CNN where the filters coefficients have
a bijective correspondence to input image positions. Results are
given in Fig. 10 for three types of CNNs: in a) the CNN learns
from all the regions of the input data, i.e., without using the
image overlapping strategy described in Sec. III-B1; in b) only
the ocular regions are considered by the CNN; and in c) only
the periocular regions are considered. It can be seen that the
average magnitude of the coefficients spreads evenly in a) and
has obvious valleys in the regions that are implicitly demanded
to be discarded, according to the data augmentation strategy
used. This confirms that the CNNs are actually disregarding
or, at least, giving less importance to the information in these
regions.

E. State-of-the-Art Results Comparison

The ROC curves and the Rank-N plots are given in Fig. 8,
for the four methods and the UBIRIS.v2 and FRGC sets.
In all cases, the proposed method1 solidly outperformed its

1MATLAB R
 source available at http://www.di.ubi.pt/� hugomcp/
DeepPeriocular.zip
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Fig. 8. Comparison between the performance attained by the method proposed in this paper and three baselines that represent the state-of-the-art. Results are
given for the full UBIRIS.v2 and FRGC data sets, i.e., without disregarding any sample of these sets.

competitors, with solid differences in performance with respect
to any other strategy. The differences in performance are
particularly evident for small levels of false acceptances, which
is exactly the most valuable operating range for security
applications. Regarding the UBIRIS.v2, the proposed method
attained EERs around 1.9%, decreasing the state-of-the-art
rate over 80%, and over 88% in terms of Rank-1 accuracy.
Results observed for the FRGC set were substantially better
than those for UBIRIS.v2, which accords the previous research
(e.g., [1]) and were justified by the lower number of degradation
factor in this set (essentially blur and poor resolution). Again,
the proposed method got the best performance among its
competitors, with the true identity being reported at the first
position (Rank-1) over 92% of the times. In all performance
measurements, the differences with respect to the second best
method (Zhao and Kumar [27]) were evident, particularly in the
most important range of the performance space (FAR values
less than 10−2). Table I summarizes the performance indicators
observed in our experiments, for the four algorithms and two
data sets considered.

F. Improvements and Further Work

As insight for further improvements, Fig. 11 illustrates the
samples where the proposed method obtained its worst results

Method AUC Rank-1 EER

UBIRIS.v2

Proposed (Periocular CNN) 0.998 ± 4e−4 0.88 ± 0.02 0.019 ± 6e−4

Proposed (All CNN) 0.994 ± 4e−4 0.84 ± 0.02 0.039 ± 8e−4

Zhao and Kumar [27] 0.984 ± 5e−4 0.62 ± 0.02 0.109 ± 2e−3

Tan and Kumar [24] 0.913 ± 3e−3 0.44 ± 0.02 0.153 ± 3e−3

Proença [19] 0.965 ± 1e−3 0.58 ± 0.03 0.114 ± 3e−3

FRGC

Proposed (Periocular CNN) 0.999 ± 4e−4 0.92 ± 0.01 0.011 ± 3e−4

Proposed (All CNN) 0.996 ± 4e−4 0.89 ± 0.02 0.028 ± 3e−4

Zhao and Kumar [27] 0.995 ± 4e−4 0.82 ± 0.03 0.040 ± 1e−3

Tan and Kumar [24] 0.971 ± 3e−3 0.69 ± 0.02 0.062 ± 2e−3

Proença [19] 0.979 ± 2e−3 0.70 ± 0.03 0.058 ± 3e−3

TABLE I
COMPARISON BETWEEN THE PERFORMANCE OBTAINED BY THE METHOD
PROPOSED IN THIS PAPER WITH RESPECT TO THREE STATE-OF-THE-ART

STRATEGIES.

in terms of the Rank-n positions (UBIRIS.v2). In most cases,
failures were due to: 1) large differences in phase (when
the eye centre is deviated from the image centre); and 2)
cropped eye regions that are too narrow, when the eyebrows
and the skin are not available. In such cases, images contain
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Fig. 9. Comparison between the recognition performance obtained by the
CNNs when using all the information available (All series, represented by blue
lines), when discarding the components inside the ocular globe (Periocular
series, represented by yellow lines), and when considering exclusively the
components in the ocular globe (Ocular series, represented by red lines).

a) All CNN b) Ocular CNN c) Periocular CNN

Fig. 10. Comparison between the average magnitude of the 512 (9 × 12)
CNN filters learned immediately before the fully connected layers, i.e., the first
point in the CNN where the filters coefficients have a bijective correspondence
to input image regions (interpolated 45×60 grids are shown, for visualization
purposes). Here, the filter magnitude corresponds directly the relevancy of
the corresponding regions in the input data. Results regard the UBIRIS.v2 set
and are identical to the observed for the FRGC data (not included to avoid
redundancy).

almost exclusively the ocular regions, which - considering
that our method disregards such information - justifies its
poor performance. These problems can be attenuated if more
accurate eye detection modules are used, or by considering (in
a way similar to the work of Zhao and Kumar [27]) semantic
information about the narrowness of the detected eyes, in
which the narrowest samples (containing almost exclusively
the ocular part) can be classified by a CNN that also considers

the ocular components (corresponding to the All configuration
results given in Sec. IV-D). Even though this network got worse
performance than its Periocular counterpart, the performance
in those narrowest samples was typically the best among all
methods tested.

Rank 374/522 Rank 266/522 Rank 246/522 Rank 226/522

Too narrow periocular regionsMisaligned eyes

Fig. 11. Examples of the UBIRIS.v2 images where the proposed method
got its worst performance. Two major error sources were detected: 1) eyes
misaligned with the image centers; and 2) cases where the skin and eyebrows
are badly visible.

V. CONCLUSIONS

This paper describes a periocular recognition algorithm for
visible-light data that is based in convolution neural networks
(CNNs). The novelty is that, by augmenting the learning data
using multi-class artificial samples, it is possible to implicitly
transmit prior information to the network about the regions in
the input data that are not reliable for biometric recognition.
Such conclusion, if left to be autonomously drew by the CNN
would require additional amounts of learning data, which might
not be available.

With respect to the periocular biometrics domain, there are
two important conclusions: 1) for visible-light data, perfor-
mance improves when the information in the ocular globe is
disregarded, and the recogniser’s response is solely based in
the surrounding eye’s components; and 2) disregarding the
iris/sclera regions can be done without explicitly segmenting
these regions during the recognition step. As main result, the
proposed method advances the state-of-the-art performance in
the closed-world scenario for two of the most used data sets
in this field (UBIRIS.v2 and FRGC). It should be noted that
these results were observed when considering even the poorest
quality samples in both data sets, i.e., without disregarding any
image or using any friendly versions of the datasets.
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