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Abstract
Periocular recognition has gained significant importance
with the increasing use of surgical masks to safeguard
against environmental pollution or for improving accuracy
of iris recognition. This paper proposes a new framework
for accurately matching cross-spectral periocular images
using Markov random fields (MRF) and three patch local
binary patterns (TPLBP). We study the problem of cross-
spectral periocular recognition from a new perspective and
our study indicates that such recognition can be consid-
erably improved if we can preserve pixel correspondences
among two matched images. The matching accuracy for
cross-spectral periocular matching can be further improved
by incorporating real-valued features that can be simulta-
neously recovered from pixels in the iris regions. We present
experimental results from IIITD IMP database and PolyU
database. Our experimental results validate the usefulness
of this approach and achieve state-of-the-art performance
for accurate cross-spectral periocular recognition.

1. Introduction

The periocular recognition [1] incorporates the surround-
ing information of an eye for the personal identification.
This region is automatically acquired during the iris or
face recognition imaging and especially suitable for iden-
tification when face region is largely covered from surgical
masks or when face is covered to safe-guard against envi-
ronmental pollution (see Fig. 1). Iris recognition [2, 3] is
highly reliable, accurate and scalable for person identifica-
tion when compared to other biometric technologies. Most
of the facial recognition systems in surveillance applica-
tions use visible wavelengths to acquire the images whereas
the iris images are generally acquired under near infrared
illumination. In this context, the visible periocular images
extracted from facial images should be matched with the pe-
riocular images acquired under near infra-red wavelengths.
However accurately matching cross-spectral periocular re-
gions is very challenging problem. Our observations from
section 4 suggests serious degradation in matching accuracy
over same spectrum images.

In this paper, we propose a framework to improve the
cross-spectral matching accuracy using a variant of local bi-
nary patterns for extracting periocular features and by syn-

thesizing near infrared to visible images using Markov ran-
dom fields (MRF) model.

(a) (b)
Figure 1. Periocular recognition is often the only means to identify
subjects with (a) surgical masks, (b) covered faces to safeguard
against environmental pollution

This paper investigates the problem of cross-spectral pe-
riocular recognition using bi-spectral imaging. Such imag-
ing can provide exact pixel correspondences between the
near-infrared and visible spectrum pixels. Even though it is
very challenging to address the problem cross-spectral pe-
riocular matching [4], the experimental results in this paper
illustrate that the performance from the cross-spectral peri-
ocular recognition can significantly improve with the avail-
ability of pixel correspondences in such bi-spectral images.
Secondly, this paper investigates a more accurate approach
to match cross-spectral periocular images using three patch
local binary patterns. The periocular information is further
combined with simultaneously recovered iris region pixels
which typically provide more information [5]. The key idea
here is to synthesize the corresponding near infrared pix-
els from the visible1 periocular images. These synthesized
images can be matched with near infrared images to achieve
cross-spectral matching. Our experimental results on PolyU
dataset acquired from 209 different classes illustrate outper-
forming results. Our experimental results in section 4 also
suggest that the performance for such cross-spectral peri-
ocular matching can be further improved by combining the
match scores from simultaneously available iris images.

1The periocular images under visible imaging can be conveniently ac-
quired during the surveillance



1.1. Related Work

Several researchers have explained [6] the importance of
periocular recognition when iris recognition performance
degrades under long distance and visible spectrum imag-
ing. Juefei-Xu et al. [7] used the periocular information to
improve the performance of age invariant face recognition.
Some researchers [8, 9] illustrated a significant improve-
ment in iris recognition performance when combining the
periocular features with iris features. Periocular probabilis-
tic deformation models (PPDMs) are proposed by consid-
ering the image deformation information for the periocular
image verification in [10]. Image set classification problem
[11] is formulated for the first time in periocular biometric
recognition.

In the cross-spectral periocular recognition [12], the
images acquired under visible wavelengths are matched
against the images acquired under near infra-red wave-
lengths. There have been recent efforts to develop cross-
spectral periocular as well as iris recognition systems. The
selection of best regions for periocular images are intro-
duced using cross spectral images in [13]. The fusion of pe-
riocular and iris recognition using cross-spectral images is
presented in [14]. Reference [4] investigates cross-spectral
periocular recognition using neural networks for learning
the gap among different spectrum, namely, visible, night
vision and near infrared. Reference [15] describes a frame-
work for accurately segmenting the iris images from face
images acquired at-a-distance under near infra-red or visi-
ble illuminations. Very few efforts have been made to an-
alyze the multi-spectral iris imaging. Ross et al. [16] pro-
posed the enhanced iris recognition system by considering
the fusion of multiple spectrum beyond the wavelengths of
900nm. An approach for cross spectral iris matching [17]
was proposed using the predictive NIR image. A learning
based approach for low-level vision problem is introduced
in [18] for scene estimation from the images. In [19], an im-
age synthesis method is proposed for the face photo-sketch
recognition. A survey of prior work in cross-spectral peri-
ocular matching suggests that such matching performance
is far below expectations for the deployment and need for
further work in this area.

The rest of the paper is organized as follows: Section
2, describes our solution for cross-spectral iris recognition.
The proposed model is evaluated on bi-spectral iris data
(PolyU) in section 4. Finally, key conclusions from this
paper are summerized in section 5.

2. Near Infrared to Visible Image Synthesis

We firstly define the notations used in this paper and then
introduce the approach of near infrared to visible image data
synthesis. Let ∆i be the set of local image patches extracted

from the normalized image i having width w and height h.

∆i = {δi1 , δi2 , ..., δiP }, ∀δip ∈ Rd×2d (1)

where p = {1, 2, ...P} and d× 2d is the size of local patch.
During image acquisition, all images from near infrared

and visible wavelengths are aligned in a way that the spa-
tial positions of the corresponding pixels of all images are
similar. The normalized image region is divided into blocks
with overlapping neighboring patches. For each patch along
the input near infrared normalized image, the patch is esti-
mated in the corresponding visible normalized image. In or-
der to estimate the visible image patch δvisj of the input near
infrared image patch δnirj ; K, candidate visible normal-

ized image patches
{

¯δvisj
l
}K
l=1

are gathered from the train-
ing set. The synthesized visible image should meticulously
match the input near infrared image in form and be smooth
in the meanwhile. With a specific end goal to achieve this
objective, a Markov network is utilized to model the process
of visible texture synthesis.

Fig. 2 depicts the basic block diagram of the proposed
NIR to VIS texture synthesis methodology developed in
this work. Cross-spectral data is employed as input to the
framework. Algorithm in [20] is being used for image seg-
mentation, normalization and template extraction for the bi-
spectral images. In order to segment the image ROI, the
segmentation parameters of the NIR image are also em-
ployed for visible (R-channel) image segmentation. We in-
troduce real-valued local feature descriptor which are ob-
tained from phase angles obtained during spatial filtering.
For cross-spectral iris recognition, texture synthesis (NIR
to VIS) method is employed to enhance the matching per-
formance.

2.1. Markov Random Fields (MRF) model

The graphical model of Markov network for our prob-
lem is illustrated in Fig.3 and can be constructed from the
properties of low-level vision problems [18, 19, 21] which
can be solved in two key phases, namely, learning and
inference. In learning phase, the network parameters
will be trained till it reaches optimnal solution, whereas the
visible image patches are estimated in inference phase.

The joint probability over visible (∆vis) and near infra-
red (∆nir) iris image patches for a Markov random field can
be defined as follows:

P (∆vis,∆nir)
= P (δvis1 , δvis2 , ..., δvisN , δnir1 , δnir2 , ..., δnirN )

=
∏
(i,j)

Γ(δvisi , δvisj )
∏
k

ϑ(xk, δ
nir
k )

(2)

where δvisi has K possible states which are determined
from the candidate visible image patches. The compatibility



Figure 2. Block-diagram of the proposed Markov random fields (MRF) model for cross-spectral periocular recognition

Figure 3. Markov network for infra-red and visible image patches
where δnir = qij and δvis = pij , pij means the ith row and jth

column of visible image patches and qij means the ith row and
jth column of near infra-red image patches.

function between visible image patches can be calculated
as,

Γ(δvis.lk , δvis.mj ) = e−|d
l
jk−d

m
kj |

2/2σ2
vis (3)

where k and j are two neighboring visible image patches
with a region of overlapping and dljk, d

m
kj represent the in-

tensity values of the overlapping region between the lth and
mth candidate visible image patches. σvis is the Gaussian
noise of covariance used to differ training data of visible
images from the ideal training data.

The local evidence can be calculated as follows:
ϑ(δvis.lk , δnirk ) = e−|δ

nir.l
k −δnirk |2/2σ2

nir (4)
σnir is the Gaussian noise of covariance used to differ train-
ing data of near infra-red images from the ideal training

data and δvis.lk represent lth candidate visible image patch.
In the learning phase of Markov network, the parame-

ters will be computed by solving the following problem:

ˆδvisj MAP = argmax
δvisj

max
all δvisi ,i6=j

P (δvis1 , δvis2 , ..., δvisN , δnir1 , δnir2 , ..., δnirN )

(5)
where ˆδvisj MAP is the MAP estimate for calculating max-
imum of marginal probabilities of all visible image patches.

In the inference phase, belief propagation [21] is used
for reaching network optimal solution. It passes the lo-
calmessages between the neighboring patches (or network
nodes) in order to calculate the MAP estimate. The MAP
estimate for visible image patch can be re-written as fol-
lows:

ˆδvisj MAP = argmax
δvisj

ϑ(δvisj , δnirj )
∏
k

Mk
j (6)

Belief in patch j, is defined as the product of all local evi-
dences of visible image patches and the messages entering
into that visible image patch j. The message passes from
node k to j can be represented as follows:

Mk
j = max

[δvisk ]
Γ(δvisj , δvisk )ϑ(δvisk , δnirk )

∏
l 6=j

M̂ l
k (7)

The propagation rules in (7) are employed to achieve the
optimal solution for Markov random fields. The network is
trained using (5) and the updated unknown parameters are
employed to synthesize visible spectrum patches from near
infrared image patches for cross-spectral matching.



3. Matching ROI from Iris
The performance of periocular recognition is much better
when compared to iris recognition for matching images ac-
quired in two different wavelength spectrum (near infrared
and visible). In the cross-domain imaging, the huge wave-
length variations between the near infrared and visible spec-
trum suppress the discriminative power of minute details
(iris texture) with minimal affect on ocular regions. How-
ever, cross-spectral iris recognition can further improve the
performance of cross-spectral periocular recognition espe-
cially in the surveillance environment. As part of the fea-
ture extraction from periocular images, a variant of local bi-
nary patterns along with a new similarity measure based on
real-valued representation of 1D log-Gabor filter responses
is implemented. This real-valued features performs almost
same as those using popular binarized iris codes for same
sensor iris data, but unlike binary codes these features can
be more appropriate for training Markov Random Fields
(MRF) model. The frequency response of 1D log-Gabor
filter can be defined as follows:

G(x) = e−
1
2 (log(

x
x0

)/(log( σx0
))2 (8)

where x0, σ are the centre frequency and bandwidth of the
filter, respectively. The 1D log-Gabor filter is convolved
with each row of normalized iris image (i) which generates
the complex response (u + jv) for each pixel in i. The
real (u) and imaginary (v) values of the complex number is
typically quantized into either 0 or 1 based on sign of the
response values. However, in our approach this complex
value is converted into real value as follows:

u+ jv ⇐⇒ sgn(u) ∗ 2 + sgn(v) (9)

where sgn(.) operator generates either 1 (if value is posi-
tive) or 0 (if value is negative). The feature descriptor is
constructed using such real values and considered column-
wise to form a vector of size, h× 1.

4. Experiments and Results
In this section, we firstly describe the databases employed
for the experiments to validate the approach detailed in sec-
tion 2 for cross-spectral periocular matching.

4.1. PolyU Cross-Spectral Iris Database

The experiments were performed using the PolyU cross-
spectral iris database. The database consists of total 12,550
iris images (209 × 2 × 2 × 15 ) which are acquired from
209 subjects of both eyes simultaneously in both near infra-
red and visible channels each image in 15 different in-
stances. The sample iris images acquired both in near-
infrared and visible wavelengths are illustrated as shown in
Fig. 4.

Figure 4. Sample bi-spectral iris images (PolyU database) simul-
taneously acquired under near infra-red and visible wavelengths

4.2. IIITD IMP database

The periocular recognition experiments were also per-
formed on IIITD multi-spectral periocular database [4]. The
database consists of total 1860 periocular images (62× 2×
3 × 5 ) which are acquired in 5 instances from 62 subjects
of both eyes in near infra-red, night vision and visible chan-
nels. The sample periocular images are illustrated as shown
in Fig. 5.

Figure 5. Sample multi-spectral periocular images (IMP)

4.3. Cross-Spectral Periocular Recognition

The experiments for cross-spectral periocular recognition
were performed using IMP [4] and PolyU databases. Two
variants of local binary patterns (LBP), namely, FPLBP
(Four-Patch LBP) and TPLBP (Three-Patch LBP) methods
[22] are employed on both databases with same protocol of
comparisons. This generated 5,600 genuine and 1,953,000
imposter scores. From Table 1, it is observed the perioc-
ular recognition performance (GAR at 0.1 FAR) achieved
at 73.2% on PolyU database, whereas it is 18.35% on IMP
database. This difference can be attributed to the fact that
only PolyU database has the exact pixel correspondences in
both visible and near infra-red images. It can also be ob-
served that TPLBP achieves significantly superior perfor-
mance than FPLBP suggested in ref [4]. The corresponding
receiver operating characteristic (ROC) curves are shown in
Fig. 6(a).

Table 1. Genuine acceptance rate at 0.1 FAR for cross-spectral pe-
riocular recognition on IMP and PolyU databases

FPLBP TPLBP FPLBP TPLBP
(IMP) (IMP) (PolyU) (PolyU)

NIR-VIS 15.93 18.35 45.4 73.2



(a) (b) (c)

Figure 6. The ROC curve for cross-spectral periocular recognition using FPLBP and TPLBP on PolyU and IMP databases in (a), cross-
spectral matching (LG+FPLBP) in (b), cross-spectral matching (LG+TPLBP) in (c).

4.3.1 Cross-Spectral Iris Recognition

This experiment were performed on 280 different classes of
iris images (8,400 total images) are properly segmented in
both visible and near infrared channels. The matching accu-
racy for the cross-spectral iris matching is ascertained from
the equal error rate (EER) and ROC. The total number of
genuine and imposter comparisons are 5,600 and 1,953,000,
respectively. It is observed that even though the cross com-
parisons in near infra-red and visible channels are indepen-
dently quite accurate, the performance of cross-spectral iris
matching has significantly degraded. The EER for near in-
frared iris comparisons is 5.1% and for visible iris compar-
isons is 12.2%, whereas, for cross-spectral iris comparisons,
it is observed that the EER increases to 33.3%.

The results from the combinations of LG and TPLBP
methods are shown in Fig. 6(c). The corresponding EERs
from the ROCs in Fig. 6(b) and Fig. 6(c) are compar-
atively presented in Table 2 where N-N, V-V and N-V
mean NIR-NIR, VIS-VIS and NIR-VIS comparisons, re-
spectively. The EER for the best performing cross-spectral
periocular and iris matching is observed to be 17.9% which
results from the combination of TPLBP and log-Gabor fil-
ter. The corresponding recognition performance rate is
achieved at 74.7%. The weighted fusion can be computed
as, wNIR ∗ ScoreNIR + (1−wNIR) ∗ ScoreV IS . Our ex-
perimental results in Fig. 6 suggest that the combination of
periocular and iris recognition results can offer significant
performance improvement for the cross-spectral iris recog-
nition.

4.3.2 Cross-Spectral Iris Recognition using MRF

The MRF based approach detailed in section 2.1 can be em-
ployed to achieve more accurate cross-spectral iris recogni-
tion performance. The ROC curves for such cross-spectral
iris recognition performance on PolyU database are shown

Table 2. EERs from the same- & cross-spectral matching (LG rep-
resents iris matching using 1-D log-Gobor filter while FPLBP and
TPLBP represents respective methods for periocular matching)

LG FPLBP LG + TPLBP LG +
FPLBP TPLBP

N-N 5.1 26.1 4.4 10.9 3.1
V-V 12.1 26.2 10.3 11.5 6.1
N-V 33.4 32.5 26.6 19.8 17.9

Table 3. Genuine acceptance rate at 0.1 % FAR for various cross-
spectral combinations

LG MRF LG + LG +
TPLBP TPLBP +

MRF
NIR-VIS 41.8 61.9 74.7 84.2

in Fig. 7. These results demonstrate that there is significant
improvement in the cross-spectral iris recognition perfor-
mance, (61.9%) over the conventional iris code approach
(41.8%). The matching performance can be further im-

Figure 7. The ROC curve for cross-spectral iris recognition using
MRF model



proved to 84.2% when MRF results are further combined
with LG and TPLBP results using score level fusion.

5. Conclusions
This paper has developed a new framework for cross-
spectral periocular recognition, particularly for matching
iris images with exact pixel-to-pixel correspondences. It
uses a variant of local binary patterns (LBP) for periocular
feature extraction and Markov random fields (MRF) model
for synthesizing visible iris data patches from the trained
near infrared iris data patches. The experimental results
presented in this paper on PolyU bi-spectral imaging illus-
trate significant improvement in periocular recognition per-
formance over prior methods in the literature.
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