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Abstract

Periocular recognition has gained attention in the last
years thanks to its high discrimination capabilities in less
constraint scenarios than other ocular modalities. In this
paper we propose a method for periocular verification un-
der different light spectra using CNN features with the par-
ticularity that the network has not been trained for this pur-
pose. We use a ResNet-101 pretrained model for the Ima-
geNet Large Scale Visual Recognition Challenge to extract
features from the IIITD Multispectral Periocular Database.
At each layer the features are compared using χ2 distance
and cosine similitude to carry on verification between im-
ages, achieving an improvement in the EER and accuracy
at 1% FAR of up to 63.13% and 24.79% in comparison to
previous works that employ the same database. In addition
to this, we train a neural network to match the best CNN
feature layer vector from each spectrum. With this proce-
dure, we achieve improvements of up to 65% (EER) and
87% (accuracy at 1% FAR) in cross-spectral verification
with respect to previous studies.

1. Introduction
In 2009 U. Park et al. [16] introduced the concept of pe-

riocular recognition. They described this area as the facial
region in the immediate vicinity of the eye. It has raised as
a promising biometric trait for its high discriminatory rate
while having more relaxed acquisition requirements than its
other ocular counterparts [20][14][22] as well as being re-
silient to aging [6] and expressions [15], which makes it
ideal for non-cooperative scenarios [7]. Moreover, it can be
used not only as a sole biometric trait but also in combina-
tion with others like iris or face in order to increase perfor-
mance [18], if these are available.

Convolutional Neural Networks (CNNs) have gained a
lot of popularity since in 2012 Krizhevsky et al. [9] won the
ImageNet Large Scale Visual Recognition Challenge with
AlexNet. They have become the state of the art in many
pattern recognition applications [2], but since they rely on a
huge amount of data to work properly, their use in biomet-

ric systems are still somewhat limited, with work mostly
focused on face [17], iris [3] and soft biometrics [23].

Based on the study of Nguyen et al. [11], the authors in
Hernandez-Diaz et al. [5] investigated the use of features
from pre-trained off-the-shelf CNNs for periocular recog-
nition, eliminating the necessity of designing and training
new CNNs. In the present work, we further investigate the
behaviour of these pre-trained CNN architectures in cross-
spectral periocular scenarios. Cross-spectral comparison is
gaining attention in iris [10] and face [12] recognition, as
well as in periocular research [21]. The choice of a par-
ticular illumination is based on a trade-off between differ-
ent factors, including the quality required or practical as-
pects, such as the use of near-infrared images in controlled
conditions (e.g. border control) vs. visible images in un-
controlled environments (e.g. smartphones). It may also
happen that images captured with one type of illumination
need to be compared with legacy images captured in a dif-
ferent spectrum. Unfortunately, the performance of cross-
spectral matching is significantly degraded in comparison
with matching of images captured in the same spectrum
[21].

The rest of the paper is organized as follows. In Sec-
tion 2, we present our experimental framework, including
the database employed, the pre-processing steps, and the
protocol employed for cross-spectral periocular recognition
using off-the-shelf CNN features. Section 3 presents the
results obtained, both in same-sensor and cross-sensor sce-
narios. Finally, conclusions are given in Section 4.

2. Experimental Framework

2.1. Database and Preprocessing

Periocular databases with data in different spectra are a
scarce resource [1]. In this work we use the IIITD Mul-
stispectral Periocular database [22], the only database avail-
able that provides periocular images in three different spec-
tra: Visible, Night Vision and Near Infrared. Visible images
were captured using a Nikon SLR camera; Night vision im-
ages were taken with a Sony HandyCAM in night vision
mode and for NIR images, they used a Cogent Iris scan-
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Figure 1. samples of DB images: a) original visible spectrum image, b) original night vision image, c) original NIR images, d) centered,
masked, scaled and cropped visible image, e) gray-scaled and contrast enhanced visible image, f) centered, masked, scaled and cropped
night vision image, g) gray-scaled and contrast enhanced night vision image, h) masked and cropped NIR image, i) contrast enhanced NIR
image

ner. Visible and Night Vision images were captured at a dis-
tance of 1.3 meters while NIR images were taken from 15
centimeters. All images were taken in a controlled environ-
ment, with proper illumination for Visible and NIR images
and very low illumination for Night Vision images. Some
examples are shown in Figure 1 (top)

The database contains images from 62 persons with 5
pictures per person in Visible and Night Vision spectrum
containing both periocular areas, whereas in NIR there are
10 images per person, 5 for each eye. The resolution per
spectrum are 601x301, 540x260 and 640x480 for Visible,
Night Vision and NIR images respectively .

For this work, iris and sclera radius were manually an-
notated and irises masked to ensure periocular recognition.
For Visible and Night Vision images, left and right eyes
were centered, scaled to have their sclera radius equal to
the mean of the database and cropped to be a square with a
side length of 4 times the mean sclera radius. NIR images
were first cropped to have a square shape with the same
vertical length as the original image. Two different cases
were considered for this step, if the sclera center fell close
to the left or right border, the cropping was done so no extra
padding was necessary, if the eye had enough separation to
the borders, the cropping was made around the sclera cen-
ter. No further normalization was done in order to avoid an
excessive inclusion of artifacts or excessive cropping, this
was due to the different acquisition technique used for this
type of images.

In addition to this, extra preprocessing techniques were
tried and compared to find the best case for same spectrum
verification. For this purpose, all images were converted
to gray-scale and contrast enhanced by Contrast-Limited
Adaptive Histogram Equalization (CLAHE) [8] algorithm.
We employ CLAHE since it is usually the preprocessing

choice with images of the eye region [19].
Finally, since ResNet101 is configured to have as input

RGB images of size 224x224, the pictures were resized and
gray-scale images replicated to have three channels in order
to fit the input size of the network. Figure 1 shows ex-
amples of pre and post processed images for each spectrum
[19].

2.2. Experimentation

We carry out verification experiments for periocular im-
ages in different spectra, Visible, Night Vision and NIR with
the method described in Hernandez-Diaz et al. [5] using
the CNN that achieved best results. The CNN used for this
paper is Matlab’s ResNet-101 model [4]. The network con-
sists of 101 convolutional layers trained on more than a mil-
lion images from the ImageNet database to classify images
within 1000 classes.

We fed the network with the post-processed images and
extracted the output of every layer, including Convolution,
ReLu, Batch Normalization, Fully Connected and Addition
layers as shown in the Figure 2. Then, for each layer,
we tried a verification system that compares its output vec-
tors using simple similitude measures as the ones shown in
equations 1 and 2. Equation 1 is a modified χ2 distance that
uses the absolute value of the elements of the vectors, and
normalize them so the sum of their elements equals 1, this is
done because this distance is usually applied to normalized
histograms, whose entry values are always positive. Equa-
tion 2 is the cosine between vectors. The goal is to find the
best performing layer for each case

χ2 =

n∑
i=1

(|xi| − |yi|)2

|xi|+ |yi|
(1)
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Figure 2. Extraction of the feature vectors from the CNN layers

cos(α) =
XT ∗ Y
||X||||Y ||

(2)

In our experiments, we consider each eye as a different
user, thus having 62x2 = 124 users, and 5 images per user
and spectrum. For genuine scores and same spectrum verifi-
cation we compare all vectors of the same user using combi-
nation of two elements without repetitions, getting a total of
124 users ∗ 10 combinations = 1240 genuine scores. For the
impostor score and same spectrum we compare the first im-
age of every user with the second picture of all other users
getting a total of 124 ∗ 123 = 15252 impostor scores.

For the genuine scores and cross-spectrum verification,
we compared all images of each user in one spectrum
against all images of the same user in the other spectrum,
getting a total of 124 users ∗ 25 combinations with a total
of 3100 genuine scores. For the impostor scores we com-
pare the first image of a user in one spectrum with the first
image of the rest of the users in the other spectrum, getting
a total of 124 ∗ 123 = 15252 impostor scores.

To further improve cross-sensor verification, we trained
a neural network classifier that uses as input the feature vec-
tors of the best CNN layer for each spectrum that we are
comparing concatenated, and as output, the classification
of either a genuine or an impostor matching. The network
used in this research consists of an input layer of 2 * flat-
tened CNN feature vector of size 50176 = 100352 units, a
hidden layer of 200 units with a ReLu activation function,
another hidden layer with 20 units, a softmax layer and an
output layer of size 2. We use SGDM, a minibatch size of
40 and the same amount of genuine and impostor vectors at
every batch during the training process.

For neural network training, we used 5-fold cross-
validation. Each partition consists of 20% of the whole
database, samples were randomly extracted and repetitions
between partitions was not allowed. Moreover, instead of

directly classifying the test cases at each test partition, we
extract the softmax output, concatenate all tests partitions
and manually change the threshold value at which we de-
cide the vectors are genuine or impostor. This way we are
not only able to calculate the EER and accuracy at 1% FAR,
but we also get a more consistent behaviour of the neural
network performance by considering all test partitions of
each model as a whole.

3. Results

3.1. Same Spectrum Verification

First of all we carried out experiments with the features
extracted at every layer of the CNN using χ2 distance and
cosine similitude to find out at which layer the system per-
form best for same spectrum verification. We propose two
different cases per spectrum: for Visible and Night Vision
we used masked, centered, scaled and cropped periocular
images from the originals but also gray-scaled images with
its contrast enhanced by CLAHE algorithm. For NIR we
used masked, cropped images but also tried contrast en-
hanced images. All this cases can be seen at Figure 1 (bot-
tom).

3.1.1 Similarity between vectors

We report the EER at every layer of the CNN in the Fig-
ure 3 (top). Due to space constraints, we only give re-
sults of the best cases for each spectrum. For visible and
Night Vision, they correspond to gray-scaled images with
enhanced contrast. However, the best result in NIR is ob-
served using original gray-scaled images without their con-
trast enhanced. It is worth noting that even though the CNN
is trained using RGB images, the best results obtained are
all for gray-scaled images. This can be due to fewer free
variables in the input by having the same gray-scaled image
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Figure 3. EER at every layer for same and cross spectral verification

replicated at every channel for a network that has not been
trained for the task of periocular recognition.

From the results of Figure 3 (top), we can observe that
the measures perform similar for each layer, with χ2 dis-
tance consistently giving slightly better results. We can also
observe that each spectrum have different behaviour. Visi-
ble spectrum starts with a small EER and decrease more or
less consistently until it reaches its minimum at layer 85,
with an EER of 2.95% using χ2 distance, having similar
results until almost the first half of the network. Then, its
behaviour become irregular, increasing and decreasing the
EER every few layers. Night Vision has the most irregular
performance of all three, with peaks all along the layers of
up to more than 10% difference. It reaches the best per-
formance at layer 84, with an EER of 4.04% using cosine
similitude, as shown in the graph. Finally, NIR shows the
most stable performance. Except for some peak at the be-
ginning, it has a continuous descendent EER, reaching its
minimum almost at the end of the network, at layer 295
with an EER of 3.97% using χ2 distance.

The best result for each spectrum is shown in Table 1,
we give the EER at the best performing layer as well as the
accuracy at 1% FAR. We also provide results of previous
studies employing the same database [22]. It is worth noting

that results shown in Table 1 were obtained using both pe-
riocular zones [22], which helps to improve the results dur-
ing the verification process. Instead, here we consider each
periocular zone as different users, which makes the recog-
nition somewhat harder. By using the proposed method,
we improve previously reported result by up to 63.13% and
24.79% for EER and accuracy at 1% FAR in Visible spec-
trum, respectively. In Night Vision spectrum, we improve
results by up to 42.30% EER and up to 13.67% accuracy at
1% FAR. Finally, we increase accuracy results up to 1.65%
in NIR spectrum.

3.1.2 Neural Network

Once we found the best performing layer for each spec-
trum, using these features, we seek to reduce the EER fur-
ther by training a neural network capable of discerning gen-
uine user vectors from impostor vectors in a verification
scenario. The results for this experiments are shown in the
Table 1 (5th column, top). We have obtained the follow-
ing EERs 5.08% 3.95% and 3.06%, which improves results
by 36.5%, 43.57% and 12.57% in relative terms for Visible,
Night Vision and NIR respectively, in relation to those of
Sharma et al. [22]. Achieving the best EER reported in this
paper for Night Vision and NIR spectrum. Additionally, we



Spectrum Type χ2 Cosine Neural Network best in [22] improvement

Visible EER (%) 2.95 3.13 5.08 ∼8.00 -63.13
Acc (%) 96.05 95.57 83.31 76.97 +24.79

Night EER (%) 4.48 4.04 3.95 ∼7.00 -43.57
Acc (%) 88.23 90.00 89.35 79.18 +13.67

NIR EER (%) 3.97 4.41 3.06 ∼3.5 -12.57
Acc (%) 94.03 93.47 89.72 92.50 +1.65

VisiblevsNight EER (%) 9.79 75.33 5.13 ∼9 -43.00
Acc (%) 51.19 8.42 88.19 71.93 +22.61

VisiblevsNIR EER (%) 12.88 76.08 5.19 ∼15 -65.40
Acc (%) 29.00 3.35 88.13 47.08 +87.19

NightvsNIR EER (%) 15.95 76.53 10.19 ∼15 -32.07
Acc (%) 23.74 2.58 81.55 48.21 +69.16

Table 1. Summary of results. The results shown in the columns 3rd to 5th are obtained considering each eye as a different user, while the
results of column 6th used both eyes for matching. The column improvement shows the change of the best case (marked in bold) with
respect to the results of [22]

improve the accuracy at 1% FAR for Visible and Night Vi-
sion by 8.23%, 12.84% with respect to [22].

We present the behaviour of the neural network systems
from which we obtained the best results shown in Table 1 in
the DET graph in Figure 4. Here we can appreciate the sim-
ilar behaviour of the Visible and Night spectra, with Night
performing better all along the curve. The NIR curve on the
other hand, have a higher slope than the other two, which
gives a better EER but a worse accuracy at low FAR.

3.2. Cross-Spectral Matching

For cross-spectral matching, we follow the same pro-
cedure as for same-spectrum, with the difference that we
only consider gray-scaled images to reduce differences in
the RGB channels.

3.2.1 Similarity between vectors

We report the EER at every layer for each cross-spectral
case (Visible and Night Vision, Visible and NIR, Night Vi-
sion and NIR) in the Figure 3 (bottom). The first thing that
we notice is that the cosine similitude performs really bad in
comparison with χ2 distance and previous results for same
spectrum experiments. This can be due to an increase in
sign discrepancies at the feature vectors extracted which χ2

distance can be more resilient to.
For cross-spectrum between visible and night vision im-

ages, we observe that the minimum is achieved at layer
157 with an EER of 9.79%. For Visible vs. NIR images,
the difference between the maximum and minimum EER is
smaller, achieving the best EER at layer 83 with an EER
of 12.88%. Lastly, in Night and NIR comparison we ob-
serve a very steady function. It represents the case with the
least amount of variation along all the layers, but also the
one performing the worst, with an EER of 15.95 achieved

at layer 157.
The best result for each cross-spectral case is shown in

Table 1. Contrarily to same-spectrum experiments, here we
only outperform the EER for Visible vs. NIR matching by
reducing the error in 14,13% relatively to [22].

3.2.2 Neural Networks

In this section, we trained a neural network to distinguish
between genuine and impostor users by using feature vec-
tors extracted for different spectrum images. We made use
of the best performance layers for each spectrum reported
previously in section 3.1.1. (being layers 85, 84 and 295
for visible, night vision and NIR spectrum respectively).
In contrast to same-spectrum experiments, in this case we
fixed the spectrum order when we concatenated the vectors,
this was due to the vectors differing not only in spectrum
but also in the layer at which they were obtained, which
contains useful information for the network that we may
jeopardize by not fixing the order at which the vectors are
presented.

We report the results of this section in the Table 1 (5th

col, bottom). We outperform any previous results found for
every cross-matching scenario up to 65.40% in EER and
87.19% increase in accuracy at 1% FAR for Visible vs NIR.
We also show the behaviour of those systems with their
DET curves in Figure 4. Here we can observe the very
similar behaviour of the Visible vs. Night and Visible vs.
NIR systems. However what it is most remarkable is the
high accuracy even at 0.1% FAR for all three systems, with
an accuracy of 75.68%, 76.03% and 72,24% for Visible vs.
Night, Visible vs. NIR and Night vs. NIR respectively. This
means an improvement of up to 61.49% in accuracy for Vis-
ible vs. NIR matching with a system 10 times more secure.
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4. Conclusions

Periocular recognition is an area of research that has a
lot of potential still waiting to be fully exploited. It of-
fers surprising accuracy rates in less constraint scenarios
than its others ocular counterparts [1]. However, compar-
ing ocular images captured in different spectra is usually
much worse than if images were captured in the same spec-
trum. It is for this reason that developing methods capa-
ble of cross-spectral comparison holds a significant practi-
cal value, especially in periocular biometrics [13]. This is
because the periocular region appears both in iris and face
images, which are traditionally captured in the NIR and vis-
ible spectra, respectively.

In this work we investigate a new method for cross-
sensor periocular biometrics that makes use of the power
of deep neural networks as feature extractor without having
to train them, which is a huge drawback for most biomet-
ric databases for their rather small sizes. It does not only
improve recognition in different spectra, but also provides
great cross-spectral matching results. In this research we
make use of the IIITD Multispectral Periocular Database
[22] to carry on verification experimentation for periocular
recognition in three different spectra: Visible, Night Vision
and Near Infra Red, as well as cross-spectral verification
between them. We use the widely known CNN architec-
ture ResNet [4], pretrained with the ImageNet database and
compare the features extracted at each layer using simple

similitude measures that do not require any training, such
as χ2 distance and cosine similitude between vectors. Fur-
thermore, we train a neural network to improve the results
obtained with the previous method.

We outperform the best results found for every category,
more over, we achieve it in less favorable scenarios than
those in which they were reported. In contrast to the others
works found, we masked the irises to ensure pure periocu-
lar recognition and also consider each eye as a different user
in the system, instead of using both eyes simultaneously to
recognize a specific person. We improve EER up to 63.13%
and accuracy at 1% FAR up to 24.79% for same spectrum
recognition and up to 65.40% in EER and 87.19% accuracy
at 1% FAR for cross-spectral matching. Moreover, we in-
crease accuracy for cross-spectral scenarios up to 61.49%
even if we consider a system 10 times more secure.

Future works include to try other famous CNN architec-
tures e.g. [5] or our own, as well as explore cross-sensor
comparison with other biometric modalities such as iris or
face.
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