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Abstract: Accurate segmentation of ocular regions is a fundamental prerequisite for robust ocular biometric recognition, as it affects
feature extraction, multimodal representation, and subsequent matching under unconstrained conditions. This review focuses on ocu-
lar region segmentation as an essential component of biometric recognition rather than an isolated semantic segmentation task. We
survey major segmentation paradigms, including traditional image-processing methods, deep learning architectures, and emerging
foundation-model-based approaches, and analyze their applications in delineating the iris, sclera, pupil, and periocular structures under
challenges such as occlusion, illumination variation, specular reflection, and motion blur. We further categorize multimodal ocular
fusion strategies into three levels—data-, feature-, and decision-level fusion—and compare their information preservation, alignment
requirements, computational complexity, and deployment suitability. To facilitate reproducible evaluation, we review representative
public datasets and benchmark protocols, summarizing their acquisition characteristics, annotation properties, and evaluation metrics.
Finally, we discuss practical considerations for method selection and highlight persistent challenges, including image-quality degrada-
tion, cross-spectral and cross-sensor domain shifts, limited dataset diversity, and cross-modal misalignment. Future research directions
are outlined toward standardized, quality-aware, efficient, and deployable ocular biometric recognition systems.
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1. Introduction

With the rapid digitalization of society, conventional iden-
tity verification methods, including passwords, identity cards, and
physical credentials, are increasingly inadequate because they are
vulnerable to theft, forgery, and loss [1]. Biometrics offers a more
secure alternative by enabling automated recognition from dis-
tinctive physiological or behavioral traits, thereby improving both
security and usability in modern information systems. A central
advantage of biometric authentication is its ability to reconcile
security and convenience: unlike knowledge-based credentials that
impose cognitive burden or token-based mechanisms that can be
lost, biometric traits are intrinsically linked to the user and enable
frictionless authentication [2]. These properties have supported
widespread deployment in access control and mobile payment
systems, where fingerprint recognition combined with liveness
detection can mitigate fraud risks [3].

Among biometric modalities, ocular biometrics has attracted
sustained attention because ocular traits are highly distinctive and
relatively stable over time. Iris texture remains largely stable across
the lifespan and is widely used for identity verification [4]; it has
also been investigated in broader pattern-analysis settings, although
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biometric recognition remains the primary focus of this review
[5]. Complementary ocular regions provide additional biometric
evidence. The sclera contains vascular patterns that develop early
and remain stable in adulthood, supporting recognition particu-
larly when integrated with iris information [6]. The pupil exhibits
dynamic responses to illumination and physiological state, provid-
ing auxiliary cues that may complement identity verification under
specific acquisition settings [7]. The periocular region, encompass-
ing eyelids, eyebrows, and surrounding skin, is comparatively less
constrained during acquisition and can offer robust cues under
both controlled and unconstrained conditions [8].

Despite their utility, individual ocular traits exhibit limita-
tions when used in isolation. Iris recognition can be degraded by
occlusions from eyelids or eyelashes [9]; pupil-based cues are sen-
sitive to illumination variation [10]; and scleral vasculature may
be difficult to capture reliably in unconstrained settings. Peri-
ocular appearance, while often available, can be influenced by
non-genetic factors, including aging and environmental condi-
tions [8]. Collectively, these factors can reduce discriminability
and impair generalization in real-world deployments.

To improve reliability under challenging conditions, recent
studies increasingly emphasize multimodal ocular biometrics that
integrate complementary cues from multiple eye regions, includ-
ing the iris, periocular region, sclera, and pupillary dynamics.
Prior work reports consistent gains in recognition robustness
and presentation-attack resistance: Rasheed et al. reviewed deep-
learning-based approaches to iris segmentation and recognition

Pdf_Fol io:1

©The Author(s) 2026. Published by BON VIEW PUBLISHING PTE. LTD. This is an open access article under the CC BY License (https://creativecommons.org/licenses/by/4.0/).

01

https://doi.org/10.47852/bonviewMEDIN62029908
https://orcid.org/0009-0005-9053-5598
https://orcid.org/0009-0001-5035-8612
https://orcid.org/0000-0003-3699-5858
mailto:yuyansuo@bipt.edu.cn
mailto:yuyansuo@bipt.edu.cn
mailto:liuq@bipt.edu.cn
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/


Medinformatics Vol. 00 Iss. 00 2026

and indicated that these methods can improve the accuracy and
reliability of iris-based biometric authentication by enhancing
iris localization, feature extraction, and classification, although
their performance remains affected by limited training data and
noisy or low-quality ocular images [11], to improve reliability
under challenging conditions, recent studies have increasingly
emphasized multimodal ocular biometrics that integrate com-
plementary cues from multiple eye regions, including the iris,
periocular region, sclera, and pupillary dynamics. Such fusion
strategies can compensate for modality-specific degradation and
improve recognition robustness. In parallel, presentation-attack
detection has become essential for strengthening the security of
biometric systems. Shaheed et al. systematically reviewed deep-
learning-based presentation-attack detection methods for multiple
biometric modalities, including iris recognition, and highlighted
their effectiveness in detecting spoofing and presentation attacks
[12]. More broadly, fusion can compensate for modality-specific
degradation by leveraging complementary evidence from other
regions [13], and adaptable integration strategies can improve
stability across diverse operating conditions [14].

Robust feature extraction remains a prerequisite for both
unimodal and multimodal ocular systems. Semantic segmen-
tation localizes key structures, including the iris, sclera, and
pupil, while suppressing confounding factors, including eyelash
occlusion and specular reflections; this, in turn, improves down-
stream representation learning and recognition performance [15].
Under non-ideal or pathological conditions, segmentation fur-
ther supports adaptive selection of usable regions, mitigating the
brittleness of traditional image-processing methods [15].

This review focuses on ocular region segmentation and mul-
timodal fusion in the context of biometric recognition. Unlike
general-purpose eye-image understanding or isolated semantic
segmentation studies, the scope of this paper is limited to
segmentation methods that support the extraction, normaliza-
tion, and integration of biometric cues from the iris, sclera,
pupil, and periocular region. In this setting, segmentation is
not treated as an independent visual task but as a prerequi-
site for reliable feature representation, multimodal fusion, and
recognition under unconstrained acquisition conditions. First, we
provide a structured taxonomy of ocular region segmentation
methods, covering traditional image-processing pipelines, modern
deep learning architectures, and emerging promptable foundation-
model-based approaches, and discuss their applicability to
biometric-oriented ocular structures under occlusion, illumina-
tion variability, reflections, and motion blur. Second, we organize
multimodal fusion strategies into three canonical levels—data-,
feature-, and decision-level fusion—and summarize their trade-
offs in terms of information preservation, alignment requirements,
computational complexity, and deployment suitability. Third,
we consolidate representative public datasets and benchmark
practices, clarifying acquisition protocols, modality characteris-
tics, annotation properties, and commonly adopted evaluation
metrics. Finally, we synthesize persistent bottlenecks, including
image-quality instability, cross-spectral and cross-sensor domain
shifts, limited dataset diversity, and cross-modal misalignment,
and outline future directions toward standardized, quality-aware,
efficient, and deployable ocular biometric recognition pipelines.

2. Advances in Multimodal Ocular Feature
Segmentation Techniques

Ocular biometric systems exploit multiple anatomical traits,
including the iris, sclera, pupil, and periocular region. Accu-
rate segmentation of these structures is a prerequisite for reliable

feature extraction, multimodal fusion, and downstream recog-
nition. Existing segmentation methods can be broadly divided
into traditional image-processing approaches and deep-learning-
based approaches. Traditional methods rely on handcrafted visual
cues and are usually efficient and interpretable, making them use-
ful under controlled acquisition conditions or resource-limited
deployment scenarios. In contrast, deep learning methods learn
hierarchical representations from data and generally provide
stronger robustness under illumination variation, occlusion, reflec-
tions, and motion blur. However, this transition does not imply
that traditional methods have become obsolete. The choice of seg-
mentation paradigm should depend on image quality, annotation
availability, computational budget, reproducibility, and deploy-
ment requirements. An overview of representative methodological
streams is provided in Figures 1 and 2.

2.1. Traditional segmentation methodologies

In the early development of ocular biometrics, segmentation
relied predominantly on handcrafted image-processing opera-
tions. Common methodological categories include thresholding
[16], region-based partitioning [17], edge detection [18], clus-
tering [19], and morphological processing [20]. Although these
approaches can achieve satisfactory performance under con-
strained conditions, they often degrade on complex ocular images
due to poor illumination, occlusion, specular reflections, and
subject-specific appearance variation.

These limitations largely stem from dependence on low-level
cues and sensitivity to hyperparameter settings. Thresholding
is prone to failure under low contrast and noise [16], whereas
region-based methods may exhibit over-segmentation when tex-
ture or illumination varies [17]. Gradient-based detectors can
localize boundaries efficiently [21] but remain susceptible to noise
and blurred edges [18]. Clustering-based strategies (including K-
means [22]) can become unstable under non-uniform intensity
distributions, a frequent characteristic of periocular imagery [19].
Morphological processing can isolate structures by exploiting
shape priors, yet it typically requires careful parameter tuning and
may incur substantial computational cost when applied iteratively
[20]. As a result, traditional image-processing methods alone are
often inadequate for modern multimodal ocular biometrics, which
require robust segmentation across diverse real-world conditions.

2.2. Deep-learning-driven segmentation models

Deep learning has become the dominant paradigm for ocular
feature segmentation, replacing handcrafted rules with hierar-
chical representation learning. Convolutional neural networks
(CNNs) learn multilevel features that capture both local texture
information and higher-order structural context, thereby improv-
ing robustness to illumination variation, noise, occlusion, and
pose changes. This capability is particularly important for delin-
eating fine-scale structures, including retinal vasculature, and for
resolving ambiguous boundaries in periocular regions. In the fol-
lowing, we summarize three representative model families that
are widely used in ocular segmentation—U-Net, DeepLab, and
promptable foundation models, including the Segment Anything
Model (SAM)—whose roles align conceptually with the unified
framework inFigure 2.

2.2.1. U-Net architecture
U-Net is a canonical encoder–decoder architecture that has

been widely adopted for medical image segmentation [23]. Its
effectiveness stems from multi-scale feature extraction through
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Figure 1. Traditional image-processing-based ocular region segmentation methods

downsampling and accurate localization through upsampling,
while skip connections integrate encoder features with decoder
representations to preserve spatial detail [24]. With appropri-
ate data augmentation strategies, including elastic deformations,
U-Net-style models can perform well even when training data are
limited [25].

A substantial body of work has extended U-Net in sev-
eral directions. Attention and gating mechanisms emphasize
task-relevant structures [26, 27]; residual and dense connectiv-
ity facilitate optimization and feature reuse [28–31]; and hybrid
CNN–Transformer designs model longer-range dependencies [32].
Collectively, these variants indicate that strengthened feature
fusion and contextual modeling are critical for segmenting ocu-
lar regions characterized by subtle textures and ambiguous
boundaries. The U-Net architecture is illustrated in Figure 2.

2.2.2. DeepLab framework
DeepLab advances semantic segmentation by leveraging

dilated (atrous) convolutions and multi-scale context aggregation
[33]. By expanding the receptive field without excessive down-
sampling, dilated convolutions preserve spatial resolution while
capturing broader contextual information. DeepLabv3 introduced
Atrous Spatial Pyramid Pooling to integrate features across mul-
tiple scales, which benefits ocular structures exhibiting substantial
variability in size and shape [34]. DeepLabv3+ subsequently incor-
porated an encoder–decoder design to recover fine boundaries
more effectively by integrating low-level features [35].

In ocular applications, subsequent studies have extended
this model family to improve robustness and discriminability. Qi
et al. proposed an ensemble framework built on DeepLabv3+ for

sclera and vasculature segmentation [36]. Attention-augmented
variants further strengthen region-focused representation learning
under cluttered backgrounds [37]. Overall, the DeepLab lineage
highlights the importance of multi-scale context modeling and
boundary refinement; the DeepLabv3 architecture is illustrated in
Figure 2.

2.2.3. Foundation models and promptable segmentation
The SAM is a foundation vision model that supports

promptable segmentation by coupling a Vision Transformer
(ViT)-based image encoder with a prompt encoder and a mask
decoder [38]. Relative to task-specific networks, SAM exhibits
strong transferability through flexible prompting, which has moti-
vated its use in ocular segmentation, including iris segmentation
[39], as well as broader adaptations in medical imaging [40].
To better accommodate ocular-domain characteristics and chal-
lenging acquisition conditions, including occlusion and complex
illumination, SAM is frequently augmented with task-specific
adaptation modules and multi-scale feature strategies [41]. Within
multimodal ocular biometrics, promptable foundation models
offer an alternative route to reduce manual design choices while
preserving strong generalization potential (see Figure 2).

Foundation models are increasingly relevant to ocular bio-
metrics because they provide transferable visual representations
and promptable segmentation capabilities that may reduce the
dependence on fully task-specific model design. In ocular bio-
metric applications, their potential roles are not limited to direct
mask prediction. They can also support interactive annota-
tion, semi-automatic ground-truth generation, region-of-interest
localization, cross-dataset adaptation, and preprocessing for
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Figure 2. Deep-learning-driven ocular region segmentation methods

downstream iris, sclera, pupil, or periocular recognition. How-
ever, current foundation models are usually trained on broad
natural-image or general medical-image data, and their direct
application to ocular biometrics may still suffer from domain
mismatch, insufficient boundary precision, limited sensitivity to
thin scleral vessels, and high computational cost. Therefore,
ocular-domain adaptation, prompt optimization, lightweight fine-
tuning, and recognition-oriented evaluation remain necessary
before foundation models can be reliably deployed in practical
ocular biometric systems.

2.3. Comparative analysis and practical
considerations

Although deep learning has become the dominant paradigm
for ocular region segmentation, its advantages should be inter-
preted together with the practical constraints of ocular biometric
applications. Traditional image-processing methods are sim-
ple, interpretable, and computationally efficient, and therefore
remain useful in controlled imaging environments where ocular

boundaries are clear and acquisition conditions are stable. How-
ever, their reliance on low-level cues, such as intensity, gradients,
and morphology, makes them sensitive to illumination variation,
specular reflections, occlusion, and parameter settings.

Deep learning methods, including CNN-based
encoder–decoder networks, multi-scale segmentation frameworks,
Transformer-based models, and promptable foundation models,
provide stronger representation learning and are more robust to
complex imaging conditions. Nevertheless, most of these methods
require high-quality pixel-level annotations. In ocular biometrics,
manual annotation is particularly costly because structures such
as the iris boundary, pupil contour, eyelids, sclera, and scleral vas-
culature are often small, low-contrast, and affected by reflections
or occlusions. In addition, complex models may introduce higher
training and inference costs, increased code reproduction difficulty,
and reduced suitability for real-time mobile or edge deployment.

Therefore, traditional and deep learning methods should
not be viewed as mutually exclusive alternatives. Traditional
methods are more suitable for constrained, low-cost, and inter-
pretable segmentation pipelines, whereas deep learning methods

Pdf_Fol io:404



Medinformatics Vol. 00 Iss. 00 2026

are preferable for unconstrained scenarios with sufficient anno-
tated data and computational resources. Foundation-model-based
approaches such as SAM provide promising transferability, but
their direct application to ocular biometrics still requires domain
adaptation, prompt design, and efficiency optimization.

3. Multimodal Fusion Strategies for Ocular
Biometrics

Multimodal fusion has become increasingly important for
ocular biometric recognition because it integrates heterogeneous
yet complementary cues, including iris texture, scleral vasculature,
and pupil morphology. By jointly exploiting structural, textural,
and boundary information, fusion improves both discriminabil-
ity and robustness, particularly under unconstrained acquisi-
tion conditions characterized by illumination variation, motion
blur, and occlusion. In ocular biometrics, fusion is commonly
implemented at three levels—data-, feature-, and decision-level
fusion—each involving a distinct trade-off among information
preservation, computational cost, and implementation complex-
ity. A unified overview of these paradigms is provided in
Figure 3.

3.1. Data-level fusion

Data-level fusion combines raw observations from multi-
ple modalities into a unified input for downstream processing
[42]. Because fusion is performed prior to feature extraction, it
can preserve fine-grained spatial or spectral detail and exploit
cross-modal complementarity. Common implementations include
pixel- or weight-based averaging and wavelet-based fusion [43].
In practice, data-level fusion is sensitive to imperfect spatial or
temporal alignment; misregistration can introduce artifacts that
propagate to subsequent stages. It may also increase computa-
tional and storage requirements due to the higher dimensionality
of the fused input.

To mitigate cross-spectral and cross-resolution mismatch in
iris recognition, Mostofa et al. [44] proposed an adversarial

generative framework that maps visible-spectrum (VIS) images to
the near-infrared (NIR) domain and applies a super-resolution
module to restore fine texture detail. By reducing modality dis-
crepancies at the data level, this framework improves recognition
reliability. Wei et al. [45] proposed a Gabor Trident Network
to estimate device-specific spectral components and generate
spectral-invariant iris features, while adversarial learning and
distribution-alignment objectives were employed to reduce the
discrepancy between VIS and NIR iris images.

Therefore, data-level fusion is more suitable for controlled
or semi-controlled ocular acquisition scenarios where multimodal
samples are well registered, but it is less robust when cross-modal
misalignment, motion blur, or sensor differences are severe.

3.2. Feature-level fusion

Feature-level fusion integrates descriptors extracted from dif-
ferent modalities into a unified representation [46]. Relative to
data-level fusion, it is typically more efficient because it operates
on compact feature vectors rather than raw signals and reduces
reliance on strict pixel-wise alignment. Typical implementations
include feature concatenation, weighted summation, and feature
selection or dimensionality reduction to mitigate redundancy [47].
Nevertheless, effective feature-level fusion often requires care-
ful normalization and compatibility design, as heterogeneous
descriptors may differ in scale, noise characteristics, and statistical
distributions.

Luo et al. [48] proposed an end-to-end deep feature fusion
network that integrates spatial, channel, and co-attention mecha-
nisms to adaptively combine iris and periocular representations,
outperforming the corresponding unimodal biometric approaches
on two publicly available datasets. Vyas [49] proposed a hybrid
strategy that combines handcrafted descriptors, including local
binary patterns and histograms of oriented gradients, with deep
features, yielding more stable performance than single-source
representations across multiple datasets.

In practical ocular biometric systems, feature-level fusion
often provides a favorable compromise between discriminative

Figure 3. Overview of multimodal fusion strategies in ocular biometrics: data-level, feature-level, and decision-level fusion
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complementarity and computational efficiency, especially when
iris, sclera, pupil, and periocular features are extracted by different
but compatible models.

3.3. Decision-level fusion

Decision-level fusion aggregates the outputs of modality-
specific matchers into a final decision [50]. Typical rules include
voting, weighted averaging, and probabilistic or Bayesian schemes
[51]. This paradigm is modular and scalable because eachmodality
can be processed independently, facilitating system extension and
improving fault tolerance when one modality degrades. However,
because fusion is performed after feature extraction or classifi-
cation, decision-level fusion may not fully exploit fine-grained
complementary information that is available at earlier stages.

Alonso-Fernandez et al. [52] reported that decision/score-
level fusion can reduce the Equal Error Rate (EER) for
cross-sensor periocular recognition by combining handcrafted
and deep representations, particularly under practical covariates
such as mask wearing. Overall, decision-level fusion is often pre-
ferred when heterogeneous sensors are difficult to align at the data
level or when independent modality pipelines must be maintained
for deployment constraints.

Thus, decision-level fusion is particularly suitable for mod-
ular systems, heterogeneous sensors, or situations in which
some modalities may be unavailable, although careful score
normalization and calibration are required.

3.4. Comparative analysis and selection guidance

As shown in Table 1, the three fusion strategies differ
substantially in their assumptions and deployment suitability.
Data-level fusion is advantageous when multimodal ocular images
are accurately aligned, because it can preserve rich spatial and
spectral information before feature extraction. However, its sen-
sitivity to registration errors and increased computational burden

limit its applicability in unconstrained environments. Feature-
level fusion offers a more balanced solution for ocular biometric
recognition. By integrating compact representations from the iris,
sclera, pupil, and periocular region, it can exploit complemen-
tary information without requiring strict pixel-level alignment,
although normalization and compatibility among heterogeneous
descriptors remain necessary. Decision-level fusion is the most
modular strategy and is suitable for systems involving hetero-
geneous sensors, independent matchers, or missing modalities.
Nevertheless, because it operates on final scores or decisions,
it may underuse fine-grained cross-modal relationships. There-
fore, the choice of fusion strategy should depend on modality
alignment, computational resources, feature compatibility, sensor
heterogeneity, and deployment requirements.

4. Ocular Biometric Datasets: Construction and
Applications

Ocular biometric datasets are commonly categorized by
sensing modality and acquisition protocol. With respect to illu-
mination, datasets are typically divided into VIS and NIR
collections; with respect to capture conditions, they are often
characterized as controlled or unconstrained. Datasets contain-
ing paired VIS and NIR samples are generally described as
cross-spectral, whereas those acquired using different devices are
referred to as cross-sensor. Representative datasets and their key
attributes are summarized in Table 2; this section discusses how
major dataset families support benchmarking for recognition,
segmentation, and robustness evaluation.

4.1. Near-infrared (NIR) databases and applications

NIR imaging mitigates the effects of iris pigmentation and is
therefore widely adopted in practical iris recognition. The CASIA
Iris Image Database series [53] remains a canonical benchmark,
having expanded to include more diverse subjects and increasingly

Table 1. Comparative analysis of multimodal fusion strategies for ocular biometric recognition

Fusion
strategy Fusion stage

Information
preservation

Alignment
requirement Computational cost

Implementation
complexity

Data level Before feature extrac-
tion; raw images
or signals are com-
bined as a unified
input

High; preserves
pixel-level spa-
tial, spectral,
and texture
information

High; requires
accurate spatial
or temporal reg-
istration between
modalities

High; fused inputs
may increase
storage and
processing
burden

High; sensitive
to preprocess-
ing, calibration,
and registration
errors

Feature level After feature extrac-
tion; descriptors
from different
modalities are inte-
grated into a joint
representation

Moderate to high;
preserves comple-
mentary semantic
and structural
information while
reducing raw-data
redundancy

Moderate; does
not require
strict pixel-level
alignment but
needs feature
compatibility

Moderate; oper-
ates on compact
feature vectors
rather than raw
images

Moderate; requires
feature nor-
malization,
weighting,
selection, or
dimensionality
reduction

Decision level After classifica-
tion or matching;
scores, probabil-
ities, or decisions
from different
matchers are
aggregated

Low to moder-
ate; mainly uses
high-level out-
puts and may
lose fine-grained
cross-modal
correlations

Low; each modality
can be processed
independently

Low to moderate;
depends on the
number of match-
ers and fusion
rules

Low to moderate;
modular and
easy to extend
but requires
score calibration
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Table 2. Summary of representative ocular and Iris datasets with their main characteristics and applications

Dataset (year) Modality Setting
Scale

(Imgs/Subj) Resolution
Main features and
applications

CASIA-Iris V1
(2003)

NIR (Iris) Ctrl. 756/108 320× 280 Early NIR baseline for
iris benchmarking

CASIA-Iris V3
(2010)

NIR (Iris) Ctrl. 22,034/700+ 640× 480 Interval/Lamp/Twins
subsets for variability
analysis

CASIA-Iris V4
(2010)

NIR (Iris) Ctrl./Semi-
ctrl.

54,601/2,800 640× 480 Multiple subsets for
robust segmentation
and recognition

ND-IRIS-0405
(2009)

NIR (Iris) Ctrl. 64,980/356 640× 480 Large-scale NIR bench-
mark used in ICE
2005/2006

IIT Delhi Iris V1
(2010)

NIR (Iris) Ctrl. 1,120/224 320× 240 Lower-quality NIR sens-
ing for robustness
assessment

ND Contact Lens
(2010)

NIR (Iris) Ctrl. 21,700/211 640× 480 Contact-lens interference
evaluation dataset

ND Template
Aging (2012)

NIR (Iris) Ctrl. / Long. 22,156/322 640× 480 Longitudinal template
aging and stability
analysis

UBIRIS.v1 (2005) VIS (Iris) Semi-
ctrl./Unctrl.

1,877/241 800× 600 Noisy VIS iris images
with reflections and
illumination changes

UBIRIS.v2 (2010) VIS (Iris) Unctrl. 11,102/261 400× 300 Long-range motion
blur and occlusion for
NICE I/II

UTIRIS (2010) VIS+NIR
(Paired)

Ctrl. 1,540/79 2048× 1360/1000× 776 Early paired VIS–NIR
protocol for cross-
spectral studies

PolyU Cross-
Spectral
(2017)

VIS+NIR
(Paired)

Ctrl. 12,540/209 640× 480 Pixel-aligned VIS–NIR
pairs for cross-spectral
benchmarking

Cross-Eyed (2016) VIS+NIR
(Iris +Perioc.)

Semi-ctrl. 3,840/120 900× 800/400× 300 Cross-spectral iris/peri-
ocular data for fusion
and adaptation

BiosecurID (2009) Multimodal
(Iris+)

Ctrl. 12,800/400 640× 480 Multi-trait corpus for
fusion benchmarking

BioSecure DS2
(2009)

Multimodal
(Iris subset)

Ctrl. 5,336/667 640× 480 Multimodal evaluations
under office/web-style
conditions

SBVPI (2020) VIS (Sclera/Pe-
rioc.)

Ctrl. 1,858/55 3000× 1700 High-resolution scle-
ral vessel imagery for
sclera recognition

OpenEDS (2019) NIR
(Eye/Perioc.)

Ctrl. 356,649/152 640× 400 Semantic labels for
iris/pupil/sclera
segmentation
benchmarks

Note: VIS, visible spectrum; NIR, near-infrared; Ctrl., controlled; Semi-ctrl., semi-controlled; Unctrl., uncontrolled; Long., lon-
gitudinal; Perioc., periocular; Paired, paired VIS–NIR samples. ICE, Iris Challenge Evaluation; NICE, Noisy Iris Challenge
Evaluation.

challenging subsets, and is frequently used to evaluate segmenta-
tion accuracy, feature representation, and matching robustness.
The ND-IRIS-0405 dataset [54] is another widely used NIR
resource and has been employed in large-scale evaluations, includ-
ing the Iris Challenge Evaluation (ICE) 2005 and 2006 campaigns.

In addition, targeted Notre Dame datasets examine contact-lens
interference [55] and longitudinal template aging [56]. Other con-
trolled NIR datasets, including IIT Delhi Iris V1 [57], further
support robustness analysis under reduced sensing quality and
lens-related appearance changes.
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4.2. Visible-spectrum (VIS) image databases

VIS iris images acquired in noncooperative scenarios typi-
cally exhibit larger appearance variation than NIR data, motivat-
ing unconstrained benchmarks. The University of Beira Interior
Iris (UBIRIS) series [58, 59] progressed from mildly relaxed acqui-
sition to long-range, motion-affected settings with frequent blur,
glare, and occlusion and supported the Noisy Iris Challenge Eval-
uation (NICE) competitions emphasizing segmentation and noise
handling. Competition-driven mobile resources further expanded
VIS evaluation: Mobile Iris Challenge Evaluation (MICHE) I/II
led to the MICHE database [60] for smartphone-based iris/pe-
riocular benchmarking, while the Visible Light Mobile Ocular
Biometric (VISOB) challenge released the VISOB dataset [61], a
larger-scale periocular corpus enabling studies of robustness to
device variability, pose changes, and visible-light noise.

4.3. Cross-spectral databases

Cross-spectral datasets provide paired VIS and NIR sam-
ples to benchmark wavelength-induced domain shift. University
of Tehran Iris (UTIRIS) [62] established early dual-spectral pro-
tocols, the PolyU Cross-Spectral Iris Database [63] expanded
scale with improved alignment, and CROSS-EYED [64] further
included both iris and periocular regions to support domain
normalization and fusion studies.

4.4. Databases for sclera, pupil, and related modalities

Beyond iris texture, several dedicated datasets support
research on alternative ocular traits and eye-region analysis.
Sclera Blood Vessels, Periocular and Iris (SBVPI) [65] provides
high-resolution VIS imagery of scleral vasculature to facili-
tate sclera-based recognition studies, whereas OpenEDS [66]
offers large-scale NIR periocular data with semantic annotations,
including the iris, pupil, and sclera, to support segmentation and
eye-tracking benchmarking.

Public datasets and benchmark challenges provide a founda-
tion for controlled evaluation (primarily NIR), robustness assess-
ment under unconstrained capture (VIS and mobile settings), and
analyses of domain shift in cross-spectral and cross-sensor sce-
narios. Multimodal resources further enable fusion benchmarking
and complementary-evidence modeling; representative examples
include BiosecurID and the BioSecure Multimodal Database
[67, 68]. Together with Table 1, these resources facilitate
reproducible cross-study comparisons.

4.5. Recent ocular region datasets from 2020 to 2026

As summarized in Table 3, recent ocular datasets from
2020 to 2026 indicate that ocular biometric research is mov-
ing beyond controlled iris acquisition toward more diverse and
application-driven scenarios, including virtual reality/augmented
reality (VR/AR) head-mounted displays (HMDs), mobile devices,
outdoor ambient illumination, periocular biometrics, gaze-related
eye-region analysis, and demographic diversity. OpenEDS2020
[69] and TEyeD [70] are particularly relevant to eye-region
segmentation because they provide semantic annotations or land-
mark information for structures such as the pupil, iris, and eyelids.
VRBiom [71] and mobile periocular datasets [72] further extend
ocular biometrics to head-mounted and mobile acquisition envi-
ronments, where non-frontal views, low resolution, glasses, gaze
variation, and device heterogeneity become important factors.
CASIA-Iris-Africa [73] contributes to demographic diversity in

iris biometrics, while AmbientEye [74] highlights the emerging
need for pupil segmentation under outdoor natural illumination.
However, public datasets that simultaneously provide high-quality
pixel-level annotations for the iris, pupil, sclera, scleral vessels,
eyelids, and periocular structures remain limited. This limitation
still restricts fair comparison of multi-region ocular segmenta-
tion methods and hinders the development of robust multimodal
ocular biometric systems.

4.6. Evaluation metrics and their limitations

For ocular region segmentation, commonly used evaluation
metrics include Dice coefficient, Intersection over Union (IoU),
mean IoU, pixel accuracy, precision, and recall [75]. Let P and
G denote the predicted segmentation mask and the ground-truth
mask, respectively. Dice and IoU are commonly defined as:

Dice = 2|P ∩G||P| + |G|
IoU = |P ∩G||P ∪G|

For pixel-wise classification, precision and recall can be computed
as:

Precision = TP

TP+ FP
, Recall = TP

TP+ FN

For multi-class ocular segmentation, mean IoU can be further
calculated by averaging the IoU values over all classes:

mIoU = 1

C
∑C

c=1
|Pc ∩Gc||Pc ∪Gc|

where C denotes the number of classes and Pc and Gc
denote the predicted and ground-truth regions of class c, respec-
tively. These overlap-based metrics are intuitive and effective for
measuring the overall agreement between predicted masks and
ground-truth annotations. However, they may be insufficient for
evaluating fine-grained ocular structures. In iris segmentation,
small deviations along the pupillary boundary or limbic bound-
ary may only slightly affect Dice or IoU, but they can significantly
influence iris normalization, texture encoding, and subsequent
biometric matching. Similarly, thin scleral vessels, eyelid contours,
and specular-reflection boundaries may be poorly localized even
when the overall region overlap remains high.

Therefore, evaluation protocols for ocular biometric segmen-
tation should combine region-overlap metrics with boundary-
sensitive metrics. Hausdorff Distance, Average Symmetric Surface
Distance [76], Boundary IoU, boundary F-score, and contour
localization error [77] can provide complementary information
about boundary accuracy and shape consistency. For iris-oriented
applications, separate evaluation of inner and outer iris bound-
ary localization is also recommended, because these boundaries
directly determine the normalized iris texture used for recognition.
In multimodal ocular biometrics, segmentation quality should be
further interpreted together with downstream recognition metrics,
such as EER, False Acceptance Rate, False Rejection Rate, and
rank-based identification accuracy. This is important because a
visually accurate or high-Dice segmentation mask does not always
guarantee optimal biometric recognition performance.

In summary, existing ocular datasets provide important
support for controlled iris recognition, unconstrained VIS acqui-
sition, cross-spectral evaluation, periocular analysis, and eye-
region segmentation. Recent datasets from 2020 to 2026 further
extend the field toward VR/AR head-mounted devices, mobile
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Table 3. Recent ocular region datasets from 2020 to 2026

Dataset (year) Modality Setting
Scale
(Imgs/Subj) Resolution

Main features and
applications

OpenEDS2020
(2020)

NIR (Eye/Perioc.) Ctrl. (VR-HMD) Seg.: up to
29,500/80;
Gaze:
550,400/80

Device-
dependent

VR-based eye-image
sequences with gaze vec-
tors and semantic labels
for eye segmentation;
useful for temporal eye
segmentation and gaze
prediction

Mobile Periocular
Dataset (2020)

VIS (Perioc.) Unctrl. (Mobile) 1,122 subjects; 3
sessions; 196
devices

Variable Large-scale mobile peri-
ocular dataset for
unconstrained recogni-
tion and device-variability
evaluation

TEyeD (2021) Eye region
(Pupil/Iris
/Eyelids)

HMD/VR/AR >20M images Device-
dependent

Large-scale HMD eye
dataset with semantic
segmentation, 2D/3D
landmarks, eyeball anno-
tations, gaze vectors, and
eye movement labels

CASIA-Iris-
Africa
(2023)

NIR (Iris) Ctrl. 28,717/1,023 Not specified Large-scale African iris
database with age,
gender, and ethnicity
attributes; useful for
demographic diversity
and bias evaluation

VRBiom (2024) NIR (Iris/Perioc.) HMD 900 videos/25;
plus PA videos

400× 400 HMD-based periocular
videos for iris/periocular
recognition, detection,
semantic segmentation,
and presentation-attack
analysis

AmbientEye
(2026)

Passive IR (Pupil) Outdoor/Unctrl. 2,606,225/35 Variable Outdoor passive-infrared
pupil segmenta-
tion dataset with
SAM2-assisted and
human-refined pupil
annotations

Note: VIS, visible spectrum; NIR, near-infrared; Passive IR, Passive Infrared; Ctrl., controlled; HMD, head-mounted display;
Unctrl., uncontrolled; PA, presentation attack; Perioc., periocular.

acquisition, outdoor ambient illumination, demographic diver-
sity, and more realistic eye-region analysis. Nevertheless, datasets
with dense and consistent annotations for multiple ocular bio-
metric regions remain scarce, particularly for joint segmentation
of the iris, pupil, sclera, scleral vessels, eyelids, and periocular
structures. In addition, current benchmarks still rely heavily on
region-overlap metrics such as Dice and IoU, which may not
fully reflect boundary precision or downstream recognition relia-
bility. Future benchmark construction should therefore combine
diverse acquisition protocols, fine-grained multi-region annota-
tions, boundary-sensitive evaluation metrics, and recognition-
oriented validation to better support deployable multimodal
ocular biometric systems.

5. Challenges and Outlook

Despite substantial progress, unconstrained ocular bio-
metrics remains constrained by variable acquisition quality,

cross-spectral and cross-sensor domain shift, limited dataset diver-
sity, and heterogeneity across ocular modalities. Addressing these
limitations requires advances in data acquisition, robust modeling,
fusion strategy design, and edge-efficient deployment.

In real-world settings, blinking, occlusions, motion blur, illu-
mination variation, and off-axis gaze jointly impair segmentation
and matching. Although attention-augmented encoder–decoder
models improve robustness to partial occlusion [13], severe
occlusion and large gaze deviations remain challenging. Future
work should incorporate explicit quality and occlusion esti-
mation, quality-aware training, and acquisition-aware opera-
tional strategies, including selective re-capture and adaptive
thresholding.

Cross-spectral gaps (VIS vs NIR) and cross-sensor discrep-
ancies introduce substantial differences in appearance and noise
statistics, which hinder generalization. Learning-based alignment
is promising [78], but reliable transfer will likely require stronger
domain-adaptation objectives, uncertainty-aware alignment, and
fusion schemes that tolerate sensor heterogeneity.
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Dataset bias and limited covariate coverage remain major
bottlenecks [79]. Large-scale annotations under unconstrained
capture are still scarce. Synthetic data generation can broaden
covariate coverage but requires careful validation to prevent
artifacts [80]. Multimodal fusion is further constrained by
cross-modal misalignment and scale discrepancies among iris,
sclera, pupil, and periocular cues; quality-guided fusion and
feature reconstruction provide initial directions [81], yet robust
alignment under distortion and missing modalities remains an
open problem. Overall, continued progress will depend on larger
and more diverse datasets, principled alignment and fusion, and
lightweight optimization—including pruning, quantization, and
distillation—to support real-time deployment.

6. Conclusion

This review has summarized ocular region segmentation
and multimodal fusion from the perspective of biometric recog-
nition. The reviewed studies indicate that segmentation is not
merely a preprocessing step but an important basis for extract-
ing and integrating biometric cues from the iris, pupil, sclera, and
periocular region. Traditional image-processing methods remain
useful in controlled and resource-limited scenarios due to their
simplicity and efficiency, whereas deep learning and foundation-
model-based methods offer stronger representation capability but
require annotated data, computational resources, and domain
adaptation.

For multimodal ocular biometric recognition, data-level
fusion is suitable for well-aligned multimodal inputs, feature-
level fusion provides a balanced trade-off between complementary
representation and computational efficiency, and decision-level
fusion is more appropriate for modular systems with heteroge-
neous sensors or independent matchers. These differences suggest
that segmentation and fusion strategies should be selected accord-
ing to acquisition conditions, modality alignment, computational
constraints, and deployment requirements.

Future research should further address the limitations of
existing datasets and evaluation protocols. In particular, more
diverse datasets with fine-grained multi-region annotations are
needed, and overlap-based metrics such as Dice and IoU should
be complemented by boundary-sensitive metrics and downstream
recognition performance. Progress in quality-aware segmentation,
cross-spectral and cross-sensor adaptation, missing-modality-
tolerant fusion, and lightweight deployment will be essential for
developing more robust and practical ocular biometric systems.
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