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ABSTRACT

Ear biometrics is increasingly recognized as a viable alternative to traditional biometric modalities like face, fingerprint, and
iris recognition due to its passive capture capabilities, persistent anatomical structure, and the unique geometric and textural
features it provides. This article reviews 45 journal-quality publications on ear biometrics from January 2017 to July 2026,
utilizing a PRISMA-guided search across various databases such as Scopus and Web of Science. Unlike previous reviews
focused solely on algorithms and datasets, this synthesis evaluates performance across multiple tasks, including
detection/segmentation and multidimensional recognition. It highlights task-specific metrics such as Rank-1, EER, Accuracy,
Dice, and IoU, which are typically not distinguished. A notable trend towards using CNN-based transfer learning, attention
mechanisms, and point-cloud algorithms is identified, with a surge in research activity observed in 2023-2024. However, the
review reveals that performance metrics largely depend on the dataset used, noting that exceptional results on controlled
datasets often decline on unstructured ones, indicating that dataset accuracy is not the sole indicator of robustness. The
ongoing challenges include balancing accuracy with deployability, along with emerging concerns about template security,
blockchain solutions, and standardized protocols. Future research directions are suggested, emphasizing domain-
generalizable learning, unified benchmarks, lightweight architectures, hybrid multimodal integration, and the creation of
trustworthy biometric systems.
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Introduction

Biometric authentication relies on physiological or
behavioural traits to confirm or establish identity. Despite
the wide deployment of face, fingerprint, and iris
recognition, each of these techniques has limitations
related to contact requirements, user cooperation, pose
constraints, or illumination sensitivity. Across recent ear-
biometrics literature, the ear region is repeatedly

identified as a complementary trait that can be captured
passively and offers distinctive geometry and texture [1],
[2].

Ear-biometric research has moved from anthropometric
and geometric description toward texture representation,
statistical subspaces, 3-D surface registration, and, over
the review window covered here, deep convolutional and
transformer-based architectures. The outer ear (pinna) has
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a stable anatomical structure that is largely unaffected by
facial expression and changes only slowly with age, and it
carries geometric and textural detail that differs across
individuals, including identical twins. Because ear images
can be acquired passively and without contact, ear
biometrics is well suited to surveillance and
unconstrained identification scenarios [1], [2] [3].

Despite these advantages, ear recognition continues to
face occlusion from hair and accessories, pose and
illumination variation, and a shortage of large-scale
annotated datasets relative to face biometrics. Within the
2017-2026 window, research has progressed from CNN
transfer-learning  pipelines  toward  attention-gated
segmentation, explainable ensembles, thermal and
multimodal  sensing, lightweight edge-optimised
networks, and self-supervised representation learning [4],
[5]; [6]; [7]; [8]; [9]; [10].

Deep learning pipelines for ear biometrics typically
comprise ear localisation/segmentation, preprocessing,
hierarchical feature extraction, feature refinement, and
classification or verification. Convolutional architectures
such as ResNet, ResNeXt, and EfficientNet, and more
recently Vision Transformer and hybrid CNN-
Transformer designs, learn discriminative representations
directly from ear images; because ear datasets remain
comparatively small, transfer learning and domain-
adaptation strategies are used extensively to mitigate data
scarcity [4]; [6]; [10]. Encoder-decoder segmentation
networks, attention gates, and ensemble classifiers have
been used to isolate the ear region from occlusion and
background clutter before recognition, and stacked or
ensembled lightweight CNNs have been proposed
specifically to counteract the small-dataset problem [8];
[11]; [12].

In this context, the present work offers a comparative
analysis of representative ear-biometric  systems
developed form the 2017-2026 period. Two literature-
based comparators anchor the analysis: a representative 2-
D deep learning pipeline optimised for computational
efficiency and real-time or edge deployment (Lendering
et al., 2025), and representative 3-D deep learning and
geometric approaches that use point-cloud or range data
[13]; [14]. By analysing these systems in terms of
preprocessing, feature extraction, recognition
performance, and computational complexity, this study
aims to identify key design trade-offs and provide insights
for future research in ear-biometric recognition.
Nevertheless, the reported evidence remains difficult to
interpret because identification accuracy, verification

error, segmentation overlap, and dataset-specific
challenge scores are frequently presented together even
though they answer different technical questions.

Several comprehensive surveys already exist in this space,
and this review is deliberately positioned against them
rather than duplicating their scope. [1], [2] each provide
broad taxonomies of 2-D, 3-D, and combined -ear-
recognition approaches spanning several decades of
literature, and [13] focus specifically on 3-D techniques.
[3] conduct a systematic literature review of the preceding
decade of ecar-biometric algorithms and trends; [8]
subsequently note that this review, while comprehensive
in cataloguing algorithms, does not analyse the practical
challenges of deploying ear-biometric systems in
dynamic, real-world conditions such as varying head pose
or occlusion.

Novelty: The novelty of the present review lies in four
specific contributions that distinguish it from the surveys
summarised in Table 1. Unlike existing ear biometric
surveys that primarily categorize algorithms and datasets,
this review provides an evidence-based comparative
analysis of recent advances by examining the influence of
datasets, evaluation protocols, and sensing modalities on
reported performance. It demonstrates that differences in
benchmark characteristics and experimental protocols
significantly affect recognition outcomes, making direct
comparison of published accuracies unreliable.
Furthermore, the review integrates recent developments in
lightweight edge deployment, multimodal and thermal ear
recognition, presentation attack detection, and cancellable
biometrics, highlighting their role in enabling practical
and secure biometric systems. Finally, it identifies the
major unresolved challenges, including -cross-dataset
generalization, protocol standardization, explainability,
and privacy-preserving recognition, and presents future
research directions based on the collective evidence from
recent studies. Table 1 summarises how these four
contributions map onto the specific gaps left open by
prior surveys.

Table 1 Comparison with Existing Reviews

Gap
Primary addressed
Review Scope contributio | by the
n present
review
Emersic | 2017; broad | Databases, Predates
et al. | 2-D ear | handcrafted | most
[15] recognition and transfer-
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emerging learning,
learned explainabilit
methods y,  fairness
and privacy-
preserving
work.
Does not
Deep provide a
Kamboj 2022; survey | recognition 2017—2026
etal. [1] plus deep | and ' journal-only,
approach unconstraine | deployment
d challenges | analysis
studies.
Broad
coverage,
but task
metrics and
| 2023; Databases, secure
Benzaoui .| approaches deployment
etal. [2] comprehensiv and open | evidence are
e survey
challenges not
synthesized
as a unified
evaluation
layer.
Restricted to
3-D and does
3-D not integrate
Ganapath | 2023;  3-D- | acquisition, 2-D deep,
i et al | focused representatio | thermal,
[16] survey n and | multimodal
matching and
cancelable
systems.
Covers the
preceding
decade but
not the 2024-
Approaches, 2026  shift
. 2023; algorithms towarfi
Oyebiyi . attention,
etal. [3] sys‘Fematlc and . synthetic
review publication
trends data,
bilateral
modeling
and
cancelable
templates.

Adds task-
Protocol- .
metric
aware .
. separation,
comparison
cross-dataset
across . .
2017-July detecti interpretatio
etection .
Present 2026; 50 . n, evidence
. . recognition,
review journal 3D outcomes
studies ’ and a
thermal, deol ¢
. eployment-
multimodal p Y
oriented
and secure
research
systems
roadmap.
Review Methodology
Literature Search
(IEEE Xplore, ScienceDirect,
SpringerLink,
MDPI, PeerJ, Nature, arXiv,
Google Scholar)
Record Identification
(keyword combinations: ear
biometrics,
recognition, segmentation, 2-D/3-D,
lightweight/edge, presentation
attack)
v
Duplicate Removal

Title & Abstract Screening

v

Year Filter Applied
(2017 - 2026 inclusion window)

!

Full-Text Study Selection
(inclusion / exclusion criteria)

.

Data Extraction
(method, dataset, metric, result)

'

Four-Axis Classification
(paradigm | modality | task |
deployment)

'

Comparative Analysis

;

Outcomes, Research Gaps
& Discussion vs. Prior Reviews

Figure 1 Flowchart of the Proposed Review Workflow
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1.1  Search Strategy and Review Scope

Scopus, Web of Science, IEEE Xplore, ScienceDirect,
Springerlink, PubMed/PMC, MDPI, and GoogleScholar
are among the interest journals that were taken into
consideration when organizing the search strategy for
articles published in journals from January 2017 to July
2026. "ear biometric" OR "ear recognition" OR "ear
identification" OR "ear verification" AND the keywords
detection, segmentation, convolutional networks, transfer
learning, metric learning, 3-D, point clouds, thermal
imaging, and multimodal fusion make up the primary
search string used in these journals. In addition, backward
and forward citation chaining will be employed to identify
any extensions of pertinent journal articles.

1.2  Eligibility Criteria

The articles considered in the review were those that were
written in the English language, published in a peer-
reviewed journal within the stipulated time period,
concerned with human ear
recognition/detection/segmentation/identification/verificat
ion, three-dimensional (3-D) ear modeling, multimodal
ear recognition, and/or ear template security. Articles
published  before 2017, conference papers,
books/chapters, preprints, research work related to
medical diagnosis of the ear, duplicated publications, and
performance results not linked to a specific dataset/metric
were excluded from the list of articles for this review.

1.3 Screening and Data Extraction

After the literature search, all retrieved papers were
imported to the reference management database and
duplicates were deleted. The studies that remained were
screened through the two-step process in line with
PRISMA methodology. At the first step, titles and
abstracts were analyzed individually and all papers not
relevant to the topic of ear biometrics, ear medical
diagnosis, conference papers, book chapters, editorials
and non-English papers were excluded. Then the full texts
of the selected papers were analyzed in accordance with
pre-defined inclusion and exclusion criteria. Only the
peer-reviewed journal papers published from 2017 to
2026 and containing experimental methodology and
quantitative assessment were chosen for analysis. For
each paper, the standardized data extraction form was
filled in order to ensure consistency in the review process.
The data extracted from the papers included: year of
publication; journal source; biometric task (detection,
segmentation, recognition, verification or security); used

datasets; preprocessing methods; feature

extraction/learning  algorithms; evaluation process;
performance metrics; limitations; and contributions.

1.4 Synthesis and Quality Control

A qualitative evidence synthesis was conducted to
examine the selected literature in terms of their
methodological features, experimental conditions, and
outputs. Rather than judging only on the basis of
recognition accuracy, the comparative assessment
involved other parameters such as dataset, sensing
modality, testing approach, computational efficiency,
robustness, and security techniques employed. Research
works have been divided into main areas of research such
as detection and segmentation, 2D recognition, 3D
recognition, multimodal biometrics, thermal vision, light
weight deep learning and secure ear biometrics. In order
to increase the validity of the review, each paper has been
critically assessed based on the set of quality criteria, such
as clarity of experiment methodology, availability of
public description of benchmark datasets used,
transparency of the evaluation protocol, provision of
quantitative performance results, and consideration of
limitations of the study. Papers with insufficient
methodology description or without linking their
performance results with a particular dataset and
evaluation protocol have been excluded from the
eligibility criteria check.

Flow Diagram of the Study Selection Process

Identification [ Database records identified (742) ]—)[ Duplicates Removed (536) ]

Records Screened After Duplicates Records excluded (109)
Removed (206) (Not related to Ear Biometrics)

Excluded (32)
o . (no quantitative evaluation (22))
Eligibility [ Assessed for eligibility (97) insufficient methodological details (7)

not published in English (3)

Screened [

Included [ Stdies Included in this Review (65) ]

Figure 2 Flow diagram of the Study Selection Process
2 Evolution of Ear Biometric Recognition

2.1 Publication and Methodological Trends

The study's findings clearly show a stage shift from early
2D representation feature fusion to unregulated 2D
recognition, explainable models and lightweight
ensemble, attention-based segmentation and bilateral
learning, point cloud, and secured templates. The trend
reached its zenith in 2024, when it started to incorporate
security techniques, apply various ensemble fusion
strategies, and integrate transfer learning concepts with
segmented classification. Multiple angle acquisition, ear
sketch, soft biometrics, and 3D face/ear verification are
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the areas covered by the research on articles from 2025
and 2026. Some have gone on to develop applications for
cancelable feature fusion and biometrics in the Internet of
Things.

16

14
14

212

=
o

of journal
)
~N

2017-2018 2019-‘2020 2021-2022 2023-2024 2025-2026
Publication year

Figure 3 Distribution of the reviewed ear recognition
studies by publication period (2017-2026)

Table 2 Evolution of research themes in ear
recognition literature from 2017 to 2026.

Period Studies | Dominant themes

Detection/segmentation,

unconstrained recognition,
2017-2018 8 domain adaptation, light-
field and 3-D

representations

Handcrafted-versus-CNN
evidence, deep ensembles,
large-scale datasets, security
and resource analysis

2019-2020 8

Explainability, context-
aware detection, real-time
pipelines, multimodal
fusion, EfficientNet and
thermal imaging

2021-2022 8

Cross-dataset transfer, 3-D
multimodal authentication,
lightweight ensembles,
GAN augmentation,
attention segmentation and

2023-2024 14

blockchain protection

Point-cloud multimodality,
soft biometrics, ear
sketches, bilateral
symmetry,
capture and  cancelable
templates

2025- 2026 7 .
multi-angle

Analytical journal studies

Total
ot 4 included in this review

The temporal distribution and themes changing process of
the 45 journal articles involved in ear recognition review
(2017-2026) were showed as Figure 3 and Table 2. From
Figure 3, research activities was high during 2023-2024
which has 14 articles compared with earlier stages (2017-
2022), of which there are 8 articles each year, there are 7
articles research were carried out during 2025-2026. From
Table 2, the themes of ear recognition progresses from
detection/segmentation/handcrafted  features  toward
transfer learning, multi-biometrics, GAN based data
augmentation, xAl and etc.; lightweight model, block-
chain based security and cancelable biometric template
are also interesting research topics.
2.2 Detection,
Preparation
Recent detection research treats localization as a major
source of downstream error rather than assuming a
perfectly cropped ear. Geometric morphometrics

Segmentation and Image

combined with CNN detection established an early recent
baseline [17]. Pixel-wise encoder-decoder segmentation
then improved localization in uncontrolled images [18],
while context-aware models incorporated face-part
information [19]. Attention-gated ensembles and U-Net
pipelines further emphasized partial occlusion and
complex backgrounds [8][12]. The evidence confirms that
detection accuracy, Dice, and IoU quantify localization
quality; they must not be compared directly with identity-
recognition accuracy.
2.3 Recognition Architectures and Domain
Generalization
Between 2018 and 2024, the field moved from
handcrafted-deep fusion and domain adaptation [20]
[21]to fully learned representations, pairwise SVMs,
ensembles, transfer learning, metric learning, and
lightweight networks
[22][23][24][25][4][26][6].[27][28][29][30][31][31][32].
Hybrid methods remain relevant because they can
combine complementary descriptors or reduce the data
required for end-to-end training. However, the same
architecture often behaves very differently across
datasets. The explainable residual-network study reported
99.64% on AMI but 67.25% on AWE [24], indicating that
acquisition variability and protocol difficulty dominate
many cross-paper comparisons.
2.4 3-D, Thermal, Multimodal and Secure Ear
Biometrics
Recent journal research also broadens the sensing and
deployment space. Curvilinear 3-D features and light-
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field representations aim to reduce sensitivity to Usually
illumination and viewpoint[33][34]. Thermal imaging evaluated
.. . .. . Indoor; .
supports recognition in low illumination [35], while ear- using
profile face and 3-D face-ear fusion increase pos§ . 70/30 or
complementary identity evidence[36][37][14]. Security AMI 100 700 V.arlatlon; 80/20 [48]
. . right and .
studies progress from template hardening[38] to subject-
blockchain  protection, cancelable EarCodes, and left cars disjoint
optimized cancelable deep-feature fusion [39][40]. This splits
progression demonstrates that recognition accuracy alone Unconstrai
is no longer sufficient for deployment-oriented ned web | 5-fold
evaluation. images subject-
2.5 Datasets and Benchmark Conditions with pose, | disjoint
The ear datasets vary considerably in size, image quality, AWE | 100 1,00 | illuminatio | validation [15]
data acquisition conditions, sensing mode, occlusion, 0 n, is
pose, and identity distribution. Recently, researchers have occlusion, | generally
extended the benchmarking of algorithms from visible and recommen
light images in controlled environments to large-scale backgroun | ded
uncontrolled web image datasets, context-aware detection d variation
datasets, infrared images, and specially created datasets 5-fold
for segmentation and other applications [41], [42], [43], Both ears, | subject-
[44], [45], [46], [18], [4], [35], [47], [11]. As a result, the variable disjoint
performance measure is valid only if accompanied by the WPU 501 2,07 | pose, Cross- [49]
corresponding dataset and protocol. Table 2 presents a T 1 resolution, | validation
representative list of such datasets. and is
Table 3 Representative ear-recognition datasets and occlusion commonl
benchmark characteristics y applied
Recomme Usually
Datas | Subj | Ima | Condition | nded Sou evaluated
et ects ges s Split /| rce In-the-wild | using
Notes EarV 164 28,4 fsolour 70/30 or [43]
A 60/40 N1.0 12 images of | 80/20
subject- both ears subject-
Controlled, dis_]ZOint . dis_]ZOint
T ) split 1s splits
Delhi- | 125 | 493 irzyisr‘ie’ commonl | [46] Larec Standard
! per subjfjts y used for scal%: UERC
training UERC 3704 11,8 unconstrai evaluation [41]
and 2017 ’ 04 protocol
. ned
testing should be
benchmark
A 60/40 followed
subject- Newly
disjoint collected Standard
1T iggfirf’lled split s in-the-wild | UERC
Delhi- | 221 793 commonl | [46] UERC 14,0 | training evaluation
I controlled, y used for 2023 650 04 data; protocol [43]
grayscale ..
training sequestere | should be
and d followed
testing evaluation
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2.6 Dataset Comparison Across Studies

Dataset scale and acquisition strongly
influence reported performance. Controlled datasets such
as IIT Delhi and AMI are useful for architecture
development, whereas AWE, EarVN1.0, WPUT, and
UERC expose larger pose, illumination, background,
occlusion, and resolution variation. Recent studies
increasingly evaluate cross-dataset transfer, but training
and  testing conventions  remain  inconsistent.
Consequently, every result in this review is presented
with its task, dataset, and metric, and cross-dataset results
are interpreted as evidence of robustness rather than as a
universal ranking.

conditions

EarVN1.0

AMI/AMIC

AWE

IIT Delhi-I/ll

WPUT

usTB

UND collections
VGGFace-Ear
Visible/thermal dual-band

UERC

) 2 a 6 8 10
Figure 4 Reference frequency by dataset family across
the reviewed corpus
Table 4 Overview of commonly used ear recognition
datasets and their evaluation characteristics.

Interp
Dataset | Conditi | Typi ti
a :ilse onditi ypica | re 1v.e References
family | ons 1 use cautio
n
Closed | High
-set results
Controll | dentifi | may
cation; | overst
ed or
IIT semi- frequen | ate
. t real- [23]126][29][3
Delhi- | controll |\ fer | world | 0J[11][40]
VI ed 2D | ST WO
- robust
ear . .
images learnin | ness if
g g subjec
bench | t splits
mark are not

explici
t
Strong
perfor
mance
Indoor n
car severa
. Identifi | 1
Hmages cation | studies
AMI/A | with and but [25][50][44][3
MIC pose and o 6][37][51][40]
) explain | marke
bilateral abilit dl
variatio Y y.
easier
n than
web-
scrape
d data
Ul:lCOl’lSt Useful
rained
for
web
imaces: robust
£e85 Identifi | ness;
pose, .
illumina cation, scores
AWE fon transfer | are [20][21][4][41]
O and often | [52][39][40]
occlusio .
verifica | lower
n and | .
tion than
backgro
d on
une il AMI/T
variabili ITD
ty
Perfor
Larger mance
can
controll fall
ed/semi- | Identifi ?1 |
controll | cation ; ap
ed set | and . [53][25][50][5
WPUT with feature relativ 4][6]
. .| e to
bilateral | analysi
smalle
and pose | s .
variatio
contro
n lled
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28,412 Large- | Suppo
in-the- scale rts
EarVNI wild ear | uncons | transfe [43][4]1(39]155]
.0 . . [17,19,43,50]
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from identifi | ensem

IJDDT Volume 16 Issue 85s 2026

Page: 80




data crops tion direct
under | compa
illumin | rison
ation with
change | visible
-only
system
s
Challe
nge
L diffi
arge Large- ifficu
unconstr Ity
. scale
ained . | expose
recogni
benchm . S pose,
ark used tion occlus
UERC and . [55]
by ion
cancela
recent and
. ble
journal low-
. templat
security resolut
es .
models ion
failure
s

3 Comparisions
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Table 7 Comparison of 2-D, Hybrid, and Deep
Learning-Based Ear Recognition Methods
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4  Survey Findings and Discussion
The reviewed literature confirms a broad shift toward
transfer learning, residual networks, EfficientNet, metric

learning, attention, and ensembles. However, hybrid
designs remain competitive because they combine learned
representations with handcrafted normalization, SVM
decision boundaries, PCA reduction, or multimodal fusion
[23][56][20][50][64][11]. The contribution of this review
is to avoid treating “classical” and “deep” as mutually
exclusive categories; recent systems frequently combine
both.

The clearest cross-study outcome is that a high score on
one dataset does not establish robustness. The same
explainable residual-network family achieved 99.64% on
AMI but only 67.25% on AWE [54]. Similarly, the
metric-learning DAG-SVM varied from 98.79% on AWE
and 98.70% on AMI to 84.30% on WPUT [50]. These
within-method differences are more informative than
broad rankings across unrelated studies. Relative to prior
surveys, this review makes dataset-conditioned
interpretation the central comparative rule rather than a
cautionary footnote.

Pixel-wise and attention-based segmentation studies
report accuracy, Dice, and IoU [8][18][45][12], whereas
identity systems report Rank-1, classification accuracy,
EER, or F1. Combining these values in a single accuracy
hierarchy is scientifically invalid. The present review
contributes a task-specific evidence structure that
separates localization quality from identity discrimination
and highlights where segmentation improvements have
not yet been validated through end-to-end recognition.
Three-dimensional point clouds, thermal imagery, light-
field capture, bilateral modeling, and profile-face fusion
address limitations that cannot always be solved through
larger 2-D CNNs [34][14][35][33][36][37][63][58].These
approaches  improve  viewpoint, low-light, or
complementary identity evidence, but introduce
specialized sensors, alignment requirements, higher cost,
and more complex evaluation. The synthesis therefore
identifies a recurring accuracy-versus-deployability trade-
off.

Template protection was peripheral in early recent work
but becomes prominent in 2024-2026 through blockchain-
protected records, cancelable EarCodes, optimization-
based feature selection, and revocable transformations
[39][55][571[38]. These studies expand the field beyond
recognition accuracy. Nevertheless, independent inversion
testing, unlinkability analysis, key-space evaluation,
presentation-attack detection, and revocation experiments
remain less standardized than recognition protocols.
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5  Challenges and Limitations

Although there has been much progress in ear biometrics
recognition technology, there are still some barriers that
are posing obstacles in practical implementation and
evaluation of the technology. One of the biggest problems
facing the technology is the lack of standard evaluation
procedures in various researches. The difference in train-
test split, subject-disjoint evaluation, cross-validation
techniques and metrics used makes it hard to compare the
recognition results achieved. This means that results from
one benchmark cannot be compared with results from
other benchmarks [2], [3], [13].

Another important challenge is the limited cross-dataset
generalization of existing recognition models. Although
many deep learning approaches achieve excellent
recognition accuracy on controlled datasets such as IIT
Delhi and AMI, their performance decreases considerably
when evaluated on unconstrained datasets such as AWE,
WPUT, EarVN1.0, and UERC because of variations in
pose, illumination, occlusion, image quality, and
background conditions [4], [5], [52]. This indicates that
improving robustness across diverse acquisition
environments remains an important research direction.
The scarcity of large and varied databases of ear
biometrics also hinders the creation of highly
generalizable recognition algorithms. In comparison to
other biometric approaches like face recognition and iris
recognition, publicly available databases of ears usually
have fewer identities, and are mostly controlled
environment acquisitions. Therefore, current algorithms
are tested on relatively small-sized databases, which
limits their application in practical biometric systems [2],
[15], [43].

In recent times, research efforts have increasingly focused
on lightweight deep learning approaches, multimodal
recognition techniques, thermography, enhanced security
through blockchain technology, and cancelable biometric
templates for enhancing deployability and template
safety. However, issues relating to efficiency, privacy
preservation, presentation attack detection, explainability,
demographic bias [65], and template security have not
been addressed sufficiently enough, especially within
unconstrained settings [35], [39], [57].

There are some limitations of the current review as well.
Firstly, the review is limited to peer-reviewed journal
articles within the period from 2017 to 2026, whereas
conference papers, preprints, books, and articles not
written in English have been excluded from the analysis

to maintain consistency and credibility of the evidence.
Secondly, the review includes qualitative evidence
synthesis but not the meta-analysis of data due to
significant  heterogeneity of datasets, evaluation
methodologies, and performance metrics of selected
articles. Lastly, although the latest trends in explainable
Al, self-supervised learning, and privacy-preserving
biometrics have been considered in the literature review,
this research area is currently under development and
needs further experimental investigation.

6  Future Recommendations

The fast advancement in ear biometric recognition
technology has greatly enhanced the efficiency of ear
identification; nevertheless, there are still some issues that
need to be resolved by future research studies. Taking into
account the information reviewed above, the following
research areas are likely to influence the development of
ear biometrics in the future.

A primary research priority is the development of robust
cross-dataset and cross-domain learning frameworks.
Although recent deep learning models demonstrate high
recognition accuracy on individual benchmark datasets,
their performance declines considerably when evaluated
under different acquisition conditions. Future studies
should therefore investigate domain adaptation, domain
generalization, self-supervised learning, and foundation
models to improve robustness across heterogeneous
datasets and unconstrained environments [4], [9], [52].
Another important direction is the establishment of
standardized benchmarking protocols for ear biometric
evaluation. The literature reveals considerable variation in
dataset partitions, evaluation metrics, and validation
strategies, making objective comparison between studies
difficult. Developing unified benchmark datasets and
standardized evaluation protocols would improve
reproducibility and enable fair performance assessment
across different recognition systems [2], [3], [13].
Moreover, future research should also focus on
lightweight and edge-deployable recognition systems.
Recent advances demonstrate increasing interest in
computationally efficient CNNs and hybrid CNN-
Transformer architectures for mobile and embedded
applications. Further optimization through model
compression, pruning, quantization, and knowledge
distillation can facilitate real-time deployment without
significantly compromising recognition accuracy [10],
[29], [30]. The integration of multimodal biometric fusion
represents another promising direction. Combining ear
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biometrics with complementary modalities such as face,
thermal imaging, three-dimensional point clouds, or soft
biometric traits has shown potential for improving
recognition robustness under challenging environmental
conditions. Future studies should investigate adaptive
multimodal fusion strategies capable of operating reliably
in unconstrained scenarios [14], [35], [36], [37].

Finally, future research should prioritize explainable, fair,
and trustworthy artificial intelligence for ear biometric
recognition. Although recent studies have introduced
explainable deep learning techniques, comprehensive
evaluation of model interpretability, demographic bias,
uncertainty estimation, and ethical deployment remains
limited. Addressing these issues will improve user
confidence and support the adoption of ear biometric
systems in practical authentication environments [5], [54].
Overall, future progress in ear biometrics will depend not
only on improving recognition accuracy but also on
developing  robust, interpretable, computationally
efficient, privacy-preserving, and standardized
recognition systems that can operate reliably across
diverse real-world conditions.

7  Conclusion

This paper presented a protocol-aware literature review,
over 2017-2026 period, on ear-biometric research based
on 45 journal articles across the range of detection,
segmentation, 2-D/3-D recognition, multimodal/thermal
sensing, lightweight deployability, and template security.
It found that the field has moved away significantly from
the initial geometric/handcrafted approaches toward the
currently dominant deep convolutional (and recently
transformer-based and  self-supervised) = methods.
However, its progress in rigor of evaluation has trailed
that of accuracy; across the analyzed works, consistent
comparisons between architectures demonstrate that same
architectures may yield substantially different results in
the context of controlled vs. unconstrained dataset; thus,
accuracy cannot be simply treated as a general quality
measure without taking context of the database, protocol,
and tasks into account. Overall, three conclusions stand
out. First, the most persistent barrier is dataset/protocol
diversity, reiterating the critical necessity for unified,
subject-disjoint evaluation protocols-akin to those used in
face recognition. Second, whereas 3-D, thermal, and
multimodal modalities exhibit genuine robustness benefits
compared to purely 2-D pipelines, they often suffer from
the trade-off between recognition accuracy and practical
deployability given sensor costs, complexity of

acquisition and computation. Third, the growing focus on
lightweight edge-deployable and cancelable/secure
template designs illustrates a field maturing enough to
consider real-world issues, yet security claims require
more  independent evaluation and work on
fairness/interpretability is much sparser than that on
recognition accuracy. Combined, the results suggest
future efforts be focused on cross-dataset/domain
learning, unified evaluation standards, and incorporating
explainability, fairness and privacy-preserving
mechanisms in pursuit of recognition performance
improvement. It is crucial for advancing science and
enabling safe, trustworthy deployments in practice.
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