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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 ear-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 

Review Scope 
Primary 
contributio
n 

Gap 
addressed 
by the 
present 
review 

Emeršič 
et al. 
[15] 

2017; broad 
2-D ear 
recognition 

Databases, 
handcrafted 
and 

Predates 
most 
transfer-
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emerging 
learned 
methods 

learning, 
explainabilit
y, fairness 
and privacy-
preserving 
work. 

Kamboj 
et al. [1] 

2022; survey 
plus deep 
approach 

Deep 
recognition 
and 
unconstraine
d challenges 

Does not 
provide a 
2017-2026 
journal-only, 
deployment 
analysis 
studies. 

Benzaoui 
et al. [2] 

2023; 
comprehensiv
e survey 

Databases, 
approaches 
and open 
challenges 

Broad 
coverage, 
but task 
metrics and 
secure 
deployment 
evidence are 
not 
synthesized 
as a unified 
evaluation 
layer. 

Ganapath
i et al. 
[16] 

2023; 3-D-
focused 
survey 

3-D 
acquisition, 
representatio
n and 
matching 

Restricted to 
3-D and does 
not integrate 
2-D deep, 
thermal, 
multimodal 
and 
cancelable 
systems. 

Oyebiyi 
et al. [3] 

2023; 
systematic 
review 

Approaches, 
algorithms 
and 
publication 
trends 

Covers the 
preceding 
decade but 
not the 2024-
2026 shift 
toward 
attention, 
synthetic 
data, 
bilateral 
modeling 
and 
cancelable 
templates. 

Present 
review 

2017-July 
2026; 50 
journal 
studies 

Protocol-
aware 
comparison 
across 
detection, 
recognition, 
3-D, 
thermal, 
multimodal 
and secure 
systems 

Adds task-
metric 
separation, 
cross-dataset 
interpretatio
n, evidence 
outcomes 
and a 
deployment-
oriented 
research 
roadmap. 

Review Methodology 

 
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. 

 
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. 

 
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 

2017-2018 8 

Detection/segmentation, 
unconstrained recognition, 
domain adaptation, light-
field and 3-D 
representations 

2019-2020 8 

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

2021-2022 8 

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

2023-2024 14 

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

2025- 2026 7 

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

Total 45 
Analytical journal studies 
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, xAI and etc.; lightweight model, block-
chain based security and cancelable biometric template 
are also interesting research topics. 
2.2 Detection, Segmentation and Image 

Preparation 
Recent detection research treats localization as a major 
source of downstream error rather than assuming a 
perfectly cropped ear. Geometric morphometrics 
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 
illumination and viewpoint[33][34]. Thermal imaging 
supports recognition in low illumination [35], while ear-
profile face and 3-D face-ear fusion increase 
complementary identity evidence[36][37][14]. Security 
studies progress from template hardening[38] to 
blockchain protection, cancelable EarCodes, and 
optimized cancelable deep-feature fusion [39][40]. This 
progression demonstrates that recognition accuracy alone 
is no longer sufficient for deployment-oriented 
evaluation. 
2.5 Datasets and Benchmark Conditions 
The ear datasets vary considerably in size, image quality, 
data acquisition conditions, sensing mode, occlusion, 
pose, and identity distribution. Recently, researchers have 
extended the benchmarking of algorithms from visible 
light images in controlled environments to large-scale 
uncontrolled web image datasets, context-aware detection 
datasets, infrared images, and specially created datasets 
for segmentation and other applications [41], [42], [43], 
[44], [45], [46], [18], [4], [35], [47], [11]. As a result, the 
performance measure is valid only if accompanied by the 
corresponding dataset and protocol. Table 2 presents a 
representative list of such datasets. 
Table 3 Representative ear-recognition datasets and 
benchmark characteristics 

Datas
et 

Subj
ects 

Ima
ges 

Condition
s 

Recomme
nded 
Split / 
Notes 

Sou
rce 

IIT 
Delhi-
I 

125 493 

Controlled, 
grayscale, 
3-6 images 
per subject 

A 60/40 
subject-
disjoint 
split is 
commonl
y used for 
training 
and 
testing 

[46] 

IIT 
Delhi-
II 

221 793 

Controlled
/semi-
controlled, 
grayscale 

A 60/40 
subject-
disjoint 
split is 
commonl
y used for 
training 
and 
testing 

[46] 

AMI 100 700 

Indoor; 
pose 
variation; 
right and 
left ears 

Usually 
evaluated 
using 
70/30 or 
80/20 
subject-
disjoint 
splits 

[48] 

AWE 100 
1,00
0 

Unconstrai
ned web 
images 
with pose, 
illuminatio
n, 
occlusion, 
and 
backgroun
d variation 

5-fold 
subject-
disjoint 
validation 
is 
generally 
recommen
ded 

[15] 

WPU
T 501 

2,07
1 

Both ears, 
variable 
pose, 
resolution, 
and 
occlusion 

5-fold 
subject-
disjoint 
cross-
validation 
is 
commonl
y applied 

[49] 

EarV
N1.0 164 

28,4
12 

In-the-wild 
colour 
images of 
both ears 

Usually 
evaluated 
using 
70/30 or 
80/20 
subject-
disjoint 
splits 

[43] 

UERC 
2017 3,704 

11,8
04 

Large-
scale 
unconstrai
ned 
benchmark 

Standard 
UERC 
evaluation 
protocol 
should be 
followed 

[41] 

UERC 
2023 

650 14,0
04 

Newly 
collected 
in-the-wild 
training 
data; 
sequestere
d 
evaluation 

Standard 
UERC 
evaluation 
protocol 
should be 
followed 

[45] 
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data 
2.6 Dataset Comparison Across Studies 
Dataset scale and acquisition conditions 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. 

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

Dataset 
family 

Conditi
ons 

Typica
l use 

Interp
retive 
cautio
n 

References 

IIT 
Delhi-
I/II 

Controll
ed or 
semi-
controll
ed 2-D 
ear 
images 

Closed
-set 
identifi
cation; 
frequen
t 
transfer
-
learnin
g 
bench
mark 

High 
results 
may 
overst
ate 
real-
world 
robust
ness if 
subjec
t splits 
are not 

[23][26][29][3
0][11][40] 

explici
t 

AMI/A
MIC 

Indoor 
ear 
images 
with 
pose and 
bilateral 
variatio
n 

Identifi
cation 
and 
explain
ability 

Strong 
perfor
mance 
in 
severa
l 
studies
, but 
marke
dly 
easier 
than 
web-
scrape
d data 

[25][50][44][3
6][37][51][40] 

AWE 

Unconst
rained 
web 
images; 
pose, 
illumina
tion, 
occlusio
n and 
backgro
und 
variabili
ty 

Identifi
cation, 
transfer 
and 
verifica
tion 

Useful 
for 
robust
ness; 
scores 
are 
often 
lower 
than 
on 
AMI/I
ITD 

[20][21][4][41]
[52][39][40] 

WPUT 

Larger 
controll
ed/semi-
controll
ed set 
with 
bilateral 
and pose 
variatio
n 

Identifi
cation 
and 
feature 
analysi
s 

Perfor
mance 
can 
fall 
sharpl
y 
relativ
e to 
smalle
r 
contro
lled 
sets 

[53][25][50][5
4][6] 

EarVN1
.0 

28,412 
in-the-
wild ear 
images 
from 

Large-
scale 
uncons
trained 
identifi

Suppo
rts 
transfe
r and 
ensem

[43][4][39][55]
[17,19,43,50] 
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164 
identitie
s 

cation ble 
analys
is; 
resolut
ion 
and 
backgr
ound 
are 
challe
nging 

USTB 

Multiple 
controll
ed 
subsets 
with 
pose and 
illumina
tion 
variatio
n 

Identifi
cation 
and 
secure 
metric 
learnin
g 

Protoc
ol 
details 
vary 
across 
studies 

[23][56][57] 

UND 
collecti
ons 

3-D ear 
range 
data 

3-D 
identifi
cation 
and 
surface 
analysi
s 

Requir
es 
depth 
acquis
ition 
and 
careful 
registr
ation 

[34][14] 

VGGFa
ce-Ear 

Large 
unconstr
ained 
ear 
dataset 
derived 
from 
face 
imagery 

Transfe
r 
learnin
g and 
cross-
dataset 
analysi
s 

High 
intra-
class 
variabi
lity; 
identit
y and 
crop 
quality 
requir
e 
careful 
contro
l 

[44] 

Visible/
thermal 
dual-
band 

Visible 
and 
infrared 
ear 

Identifi
cation 
and 
verifica

Specia
lized 
sensor
s limit 

[35] 

data crops tion 
under 
illumin
ation 
change 

direct 
compa
rison 
with 
visible
-only 
system
s 

UERC 

Large 
unconstr
ained 
benchm
ark used 
by 
recent 
journal 
security 
models 

Large-
scale 
recogni
tion 
and 
cancela
ble 
templat
es 

Challe
nge 
difficu
lty 
expose
s pose, 
occlus
ion 
and 
low-
resolut
ion 
failure
s 

[55] 

3 Comparisions 
Table 5 Detection, Segmentation, Representation and 
Benchmark Construction 

Stud
y Task 

Meth
od Data 

Find
ings 

Cont
ributi
on 

Limit
ation 

Cint
as et 
al., 
2017 
[17] 

Detec
tion / 
featur
e 
extrac
tion 

Geom
etric 
morp
homet
rics + 
CNN 

Ear-
image 
datas
ets 
used 
by 
the 
autho
rs 

R² = 
0.709
, 
RMS
E = 
2.296
, 
Expl
ained 
Varia
nce = 
0.976
, 
Pears
on 
Corr
elatio
n = 
0.988
, 

Comb
ined 
anato
mical 
geom
etry 
with 
learne
d 
locali
zation 

Datas
et and 
acqui
sition 
detail
s 
limit 
gener
alizati
on. 
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Proc
essin
g 
Time 
= 
4.68 
ms/i
mage 

Eme
ršič 
et 
al., 
2018 
[18] 

Pixel-
wise 
segm
entati
on 

Conv
olutio
nal 
encod
er-
decod
er 
netwo
rk 

web 
(a.k.a
. in 
the 
wild) 

Accu
racy 
of 
99.4
%, 
avera
ge 
IoU 
of 
55.7
%, 
avera
ge 
preci
sion 
of 
67.7
% 
and 
the 
avera
ge 
recall 
of 
77.7
% 

Move
d 
beyon
d 
bound
ing 
boxes 
to 
detail
ed 
masks 

Segm
entati
on 
metri
cs are 
not 
identi
ty 
metri
cs. 

Sepa
s-
Mog
hadd
am 
et 
al., 
2018 
[33] 

Light-
field 
repres
entati
on 

Light-
field 
ear 
imagi
ng 
frame
work 

Light
-field 
ear 
data 

CMS
₁ 
(Ran
k-1) 
= 
88.2
%, 
CMS
₂ = 
90.9
%, 
CMS
₃ = 
92.9

Introd
uced 
a 
richer 
captur
e 
persp
ective 

Requi
res 
speci
alized 
acqui
sition. 

% 

Eme
ršič 
et 
al., 
2021 
[19] 

Conte
xt-
aware 
detect
ion 

Conte
xedN
et 

AWE 
and 
UBE
AR 

Dete
ction 
Succ
ess 
Rate 
= 
99.63
%, 
Aver
age 
IoU 
= 
95.51
% 

Uses 
facial 
conte
xt to 
impro
ve ear 
locali
zation 

Depe
ndent 
on 
visibl
e 
conte
xtual 
face 
parts. 

Ram
os-
Coo
per 
et 
al., 
2022 
[44] 

Datas
et / 
transf
er 
bench
mark 

VGG
Face-
Ear + 
transf
er 
learni
ng 

Unco
nstrai
ned 
ear 
datas
ets 

Best 
Rank
-1 
Reco
gniti
on = 
97.2
%, 
Rank
-5 
Reco
gniti
on = 
99.5
% 

Expa
nded 
data 
scale 
and 
variab
ility 

Deriv
ed 
crops 
can 
inheri
t 
face-
datas
et 
biases
. 

Alex 
et 
al., 
2024 
[8] 

Attent
ion 
segm
entati
on 

VGG-
16, 
dense 
block
s, 
attenti
on 
gates, 
two-
YSeg
Net 
ense
mble 

Comb
ined 
EarV
N1.0, 
AMI 
and 
face-
image 
data 

Accu
racy 
98.93
%; 
preci
sion 
98.50
%; 
recall 
98.10
%; 
Dice 
98.30
%; 
IoU 
96.70
% 

Stron
g 
segm
entati
on 
under 
compl
ex 
backg
round
s 

Not 
perso
n-
identi
ficati
on 
accur
acy; 
highe
r 
comp
utatio
nal 
cost. 
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Lahk
ar 
and 
Borb
ora, 
2024 
[12] 

Unco
nstrai
ned 
segm
entati
on 

U-Net 

Custo
m set 
and 
AWE 

Cust
om: 
92.38
% 
accur
acy, 
79.33
% 
IoU; 
AW
E: 
76.20
% 
IoU 

Provi
des 
cross-
datase
t 
segm
entati
on 
evide
nce 

Subst
antial 
IoU 
declin
e on 
AWE
. 

Boua
ouin
a et 
al., 
2024 
[32] 

Data 
augm
entati
on / 
interp
retabi
lity 

GAN 
augm
entati
on + 
mean 
class 
activa
tion 
maps 

Ear-
recog
nition 
bench
marks 

MAI: 
Rank
-1 = 
100.0
%, 
Rank
-5 = 
100.0
%, 
AUC
MC 
= 
100.0
%; 
AW
E: 
Rank
-1 = 
76.25
%, 
Rank
-5 = 
91.25
%, 
AUC
MC 
= 
99.96
% 

Comb
ines 
synth
etic 
data 
with 
discri
minat
ive-
regio
n 
analy
sis 

Synth
etic 
realis
m and 
identi
ty 
preser
vatio
n 
requir
e 
valida
tion. 

Freir
e-
Obre
gón 
et 

Cross
-
modal 
repres
entati

Multil
evel 
ear 
sketc
hes + 

AMI, 
AWE
, 
IITD-
II and 

Rank
-1 
Reco
gniti
on: 

Explo
res 
sketc
h-to-
image 

Gener
ated 
sketc
hes 
may 

al., 
2025 
[51] 

on triplet 
learni
ng 

BIPL
ab 

AMI 
= 
99.10
%, 
AW
E = 
95.70
%, 
IITD
-II = 
98.40
%, 
BIPL
ab = 
98.80
%; 
EER: 
1.24
%, 
4.63
%, 
2.11
%, 
1.86
% 

match
ing 
and 
abstra
ction 

introd
uce 
repres
entati
on 
bias. 

Fuku
da et 
al., 
2025 
[58] 

Multi
-angle 
acqui
sition 

CNN 
+ 
Grad-
CAM 

New 
multi-
angle 
ear 
image
s 

Best 
Perfo
rman
ce: 
Accu
racy 
= 
99.6
%, 
Preci
sion 
= 
99.7
%, 
Reca
ll = 
99.6
%, 
F1-
score 
= 
99.7
%; 

Show
s 
feasib
ility 
beyon
d 
fronta
l 
views 

Privat
e 
datas
et and 
limite
d 
popul
ation 
constr
ain 
replic
ation. 
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all 
multi
-
angle 
metri
cs 
>98
% 

Table 6 detection, segmentation, representation and 
benchmark construction 

Stud
y 

Task Meth
od 

Data 
Fin
ding
s 

Contr
ibutio
n 

Limit
ation 

Cinta
s et 
al., 
2017 
[17] 

Detec
tion / 
featur
e 
extrac
tion 

Geom
etric 
morp
homet
rics + 
CNN 

Ear-
image 
datase
ts 
used 
by the 
autho
rs 

R² = 
0.70
9, 
RM
SE 
= 
2.29
6, 
Expl
aine
d 
Vari
ance 
= 
0.97
6, 
Pear
son 
Corr
elati
on = 
0.98
8 

Comb
ined 
anato
mical 
geom
etry 
with 
learne
d 
locali
zation 

Datas
et and 
acqui
sition 
detail
s limit 
gener
alizati
on. 

Emer
šič et 
al., 
2018 
[18] 

Pixel-
wise 
segm
entati
on 

Conv
olutio
nal 
encod
er-
decod
er 
netwo
rk 

Web/i
n-the-
wild 
ears 

Acc
urac
y = 
99.4
%, 
IoU 
= 
55.7
%, 
Prec
ision 
= 

Move
d 
beyon
d 
bound
ing 
boxes 
to 
detail
ed 
masks 

Segm
entati
on 
metri
cs are 
not 
identi
ty 
metri
cs. 

67.7
%, 
Rec
all = 
77.7
% 

Sepa
s-
Mog
hadd
am 
et 
al., 
2018 
[33] 

Light-
field 
repres
entati
on 

Light-
field 
ear 
imagi
ng 
frame
work 

Light-
field 
ear 
data 

CM
S₁ 
(Ran
k-1) 
= 
88.2
%, 
CM
S₂ = 
90.9
%, 
CM
S₃ = 
92.9
% 

Introd
uced a 
richer 
captur
e 
persp
ective 

Requi
res 
specia
lized 
acqui
sition. 

Emer
šič et 
al., 
2021 
[41] 

Conte
xt-
aware 
detect
ion 

Conte
xedN
et 

AWE 
and 
UBE
AR 

Dete
ctio
n 
Succ
ess 
Rate 
= 
99.6
3%, 
Ave
rage 
IoU 
= 
95.5
1% 

Uses 
facial 
conte
xt to 
impro
ve ear 
locali
zation 

Depe
ndent 
on 
visibl
e 
conte
xtual 
face 
parts. 

Ram
os-
Coop
er et 
al., 
2022 
[44] 

Datas
et / 
transf
er 
bench
mark 

VGG
Face-
Ear + 
transf
er 
learni
ng 

Unco
nstrai
ned 
ear 
datase
ts 

Ran
k-1 
= 
95.0
0%, 
Ran
k-5 
= 
98.8
1%, 
AU
CM

Expan
ded 
data 
scale 
and 
variab
ility 

Deriv
ed 
crops 
can 
inheri
t face-
datase
t 
biases
. 
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C = 
97.9
9% 

Alex 
et 
al., 
2024 
[8] 

Attent
ion 
segm
entati
on 

VGG-
16, 
dense 
block
s, 
attenti
on 
gates, 
two-
YSeg
Net 
ensem
ble 

Comb
ined 
EarV
N1.0, 
AMI 
and 
face-
image 
data 

Acc
urac
y 
98.9
3%; 
prec
ision 
98.5
0%; 
recal
l 
98.1
0%; 
Dice 
98.3
0%; 
IoU 
96.7
0% 

Stron
g 
segme
ntatio
n 
under 
compl
ex 
backg
round
s 

Not 
perso
n-
identi
ficati
on 
accur
acy; 
highe
r 
comp
utatio
nal 
cost. 

Lahk
ar 
and 
Borb
ora, 
2024 
[12] 

Unco
nstrai
ned 
segm
entati
on 

U-Net 

Custo
m set 
and 
AWE 

Cust
om: 
92.3
8% 
accu
racy
, 
79.3
3% 
IoU; 
AW
E: 
76.2
0% 
IoU 

Provi
des 
cross-
datase
t 
segme
ntatio
n 
evide
nce 

Subst
antial 
IoU 
declin
e on 
AWE. 

Boua
ouin
a et 
al., 
2024 
[32] 

Data 
augm
entati
on / 
interp
retabi
lity 

GAN 
augm
entati
on + 
mean 
class 
activa
tion 
maps 

Ear-
recog
nition 
bench
marks 

MAI
: 
Ran
k-1 
= 
100.
00%
, 
Ran
k-5 
= 

Comb
ines 
synth
etic 
data 
with 
discri
minati
ve-
region 
analys

Synth
etic 
realis
m and 
identi
ty 
preser
vation 
requir
e 
valida

100.
00%
, 
AU
CM
C = 
100.
00%
; 
AW
E: 
Ran
k-1 
= 
76.2
5%, 
Ran
k-5 
= 
91.2
5%, 
AU
CM
C = 
99.9
6% 

is tion. 

Freir
e-
Obre
gón 
et 
al., 
2025 
[51] 

Cross
-
modal 
repres
entati
on 

Multil
evel 
ear 
sketch
es + 
triplet 
learni
ng 

AMI, 
AWE
, 
IITD-
II and 
BIPL
ab 

AMI 
(mA
P = 
40.6
%, 
Ran
k-1 
= 
24.2
%, 
Ran
k-5 
= 
64.7
%, 
Ran
k-10 
= 
81.3
%); 
AW
E 

Explo
res 
sketch
-to-
image 
match
ing 
and 
abstra
ction 

Gener
ated 
sketc
hes 
may 
introd
uce 
repres
entati
on 
bias. 
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(33.
8%, 
20.3
%, 
46.2
%, 
67.3
%); 
IIT
DII 
(33.
8%, 
20.0
%, 
51.4
%, 
69.1
%); 
BIP
Lab 
(39.
2%, 
23.0
%, 
60.3
%, 
78.1
%). 

Fuku
da et 
al., 
2025 
[58] 

Multi
-angle 
acqui
sition 

CNN 
+ 
Grad-
CAM 

New 
multi-
angle 
ear 
image
s 

Acc
urac
y = 
99.6
%, 
Prec
ision 
= 
99.7
%, 
Rec
all = 
99.6
%, 
F1-
scor
e = 
99.7
% 

Show
s 
feasib
ility 
beyon
d 
fronta
l 
views 

Privat
e 
datase
t and 
limite
d 
popul
ation 
constr
ain 
replic
ation. 

 
Table 7 Comparison of 2-D, Hybrid, and Deep 
Learning-Based Ear Recognition Methods 

Stu
dy 

Arc
hite
ctur
e 

Dat
aset 
/ 
prot
ocol 

Metri
c 

Findings 
……………
……………
……………
……………
….                                           

Limitatio
n 
……..…
…………
…………
…………
…. 

Ha
nsl
ey 
et 
al., 
201
8 
[20
] 

CN
N 
nor
mali
zati
on + 
han
dcra
fted
/dee
p 
fusi
on 

Unc
onst
rain
ed 
data
base
s 
incl
udin
g 
UE
RC-
relat
ed 
data 

Rank-
based  
identif
icatio
n 

CNN + HOG 
fusion 
achieved 
Rank-1 = 
75.6%, Rank-
5 = 90.6%, 
AUC = 
0.972, EER = 
22.87% on 
AWE; under 
the UERC 
overall 
protocol it 
achieved 
Rank-1 = 
49.06%, 
Rank-5 = 
69.94%, 
AUC = 
0.951, EER = 
27.84%. 

Performan
ce 
decreases 
considerab
ly under 
large-scale 
unconstrai
ned UERC 
protocols. 

Eyi
oku
r et 
al., 
201
8 
[21
] 

Do
mai
n-
ada
pted 
CN
N 

Cro
ss-
dom
ain 
ear 
data
sets 

Identif
icatio
n 

Domain 
adaptation 
improved 
Rank-1 
accuracy 
from ≈49% to 
≈59% 
(+10%), 
while CNN 
fusion 
provided an 
additional 
≈4% 
improvement. 
Dataset-bias 
classification 
accuracy 

Performan
ce is still 
affected 
by unseen 
acquisition 
conditions 
and cross-
dataset 
domain 
shift. 
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reached 
99.71%. 

Do
dge 
et 
al., 
201
8 
[22
] 

Dee
p 
neur
al 
net
wor
k 

Unc
onst
rain
ed 
ear 
data 

Identif
icatio
n 

achieved 
Rank-
1/Rank-5 of 
68.50%/83.00
% (AWE), 
94.08%/99.69
% (CVLE), 
and 
80.03%/93.48
% (AWE + 
CVLE). 

Fine-tuned 
networks 
are prone 
to 
overfitting 
on small 
datasets, 
and 
performan
ce depends 
on 
sufficient 
training 
data and 
augmentat
ion. 

Om
ara 
et 
al., 
201
8 
[23
] 

Hier
arch
ical 
dee
p 
feat
ures 
+ 
pair
wis
e 
SV
M 

IIT
D-
I/II 
and 
US
TB-
I/II 

Recog
nition 
rate 

99.86%, 
99.82%, 
99.44%, 
99.57% in the 
reported 
scenario 

Results 
should not 
be 
transferred 
to web-
scale 
settings. 

Ha
ssa
ball
ah 
et 
al., 
201
9 
[53
] 

LB
P 
vari
ants 
+ 
near
est-
neig
hbo
r 
clas
sifie
rs 

IIT
D, 
AM
I, 
WP
UT 
and 
AW
E 

Identif
icatio
n/verif
icatio
n 

Best 
constrained 
results 
approached 
99% 

Performan
ce varies 
significant
ly across 
datasets, 
with 
reduced 
accuracy 
on 
unconstrai
ned ear 
images. 

Als
haz
ly 
et 

Han
dcra
fted 
desc

Thr
ee 
ear 
data

Identif
icatio
n 

CNN-based 
models 
improved 
performance 

Performan
ce is 
influenced 
by dataset 

al., 
201
9 
[24
] 

ript
ors 
vs 
CN
Ns 

sets by about 22% characteris
tics and 
requires 
sufficient 
labeled 
training 
data for 
CNN-
based 
models. 

Als
haz
ly 
et 
al., 
201
9 
[25
] 

VG
G-
like 
tran
sfer
-
lear
ning 
ense
mbl
es 

AM
I, 
AM
IC 
and 
WP
UT 

Identif
icatio
n 

Ensemble 
achieved 
100.00% 
(AMI), 
99.33% 
(AMIC), and 
99.17% 
(WPUT), 
outperformin
g all 
individual 
CNN models. 

The 
ensemble 
increases 
computati
onal 
complexit
y and was 
evaluated 
only on 
limited ear 
datasets, 
leaving 
cross-
dataset 
generalizat
ion 
insufficien
tly 
explored. 

Als
haz
ly 
et 
al., 
202
0 
[4] 

Fine
-
tune
d 
Res
Ne
Xt1
01 
ense
mbl
e 

Ear
VN
1.0 

Rank-
1 
accura
cy 

Single model 
93.45%; 
ensemble 
95.85% 

No 
evidence 
of 
universal 
cross-
dataset 
performan
ce. 

Om
ara 
et 
al., 
202
0 
[50
] 

Dist
anc
e 
met
ric 
lear
ning 
+ 

AW
E, 
AM
I 
and 
WP
UT 

Classi
ficatio
n 
accura
cy 

98.79%, 
98.70%, 
84.30% 

Classical/
metric 
learning, 
not deep 
end-to-end 
recognitio
n. 
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DA
G-
SV
M 

Em
erši
č et 
al., 
202
0 
[59
] 

Mo
del 
eval
uati
on 
and 
com
plex
ity 
anal
ysis 

Mul
tiple 
ear-
reco
gniti
on 
mod
els 

Accur
acy, 
compl
exity 
and 
resour
ce use 

SE-ResNet-
101 achieved 
Rank-1 = 
98.48%, 
Rank-5 = 
99.67%, and 
AUCMC = 
99.91%, 
while 
MobileNetV2 
and 
ShuffleNetV2 
provided 
substantially 
lower 
computationa
l cost. 

High-
performin
g models 
require 
significant
ly greater 
computati
onal 
resources, 
making 
deployme
nt on 
resource-
constraine
d devices 
challengin
g. 

Pri
yad
har
shi
ni 
et 
al., 
202
1 
[26
] 

Six-
laye
r 
CN
N 

IIT
D-II 
and 
AM
I 

Recog
nition 
rate 

97.36% and 
96.99% 

Limited 
external 
validation. 

Als
haz
ly 
et 
al., 
202
1 
[54
] 

Resi
dual
-
net
wor
k 
ense
mbl
es + 
Gui
ded 
Gra
d-
CA
M 

AM
I, 
AM
IC, 
WP
UT 
and 
AW
E 

Recog
nition 
accura
cy 

99.64%, 
98.57%, 
81.89%, 
67.25% 

Large 
cross-
dataset 
degradatio
n. 

Alk Fast Real Recog 97.80% Protocol 

aba
bji 
and 
Mo
ha
m
me
d, 
202
1 
[60
] 

er 
R-
CN
N + 
CN
N + 
PC
A/g
enet
ic 
sele
ctio
n 

-
time 
test 
set 

nition 
accura
cy 

and 
hardware-
specific 
result. 

Bo
oys
ens 
and 
Vir
iri, 
202
2 
[17
] 

Effi
cien
tNet
-B8 

Ear-
reco
gniti
on 
data 
used 
by 
sour
ce 

Classi
ficatio
n 
accura
cy 

98.45% 

Dataset-
specific 
and 
computati
onally 
intensive. 

Sha
rka
s, 
202
2 
[27
] 

Cur
vele
t 
feat
ures 
and 
dee
p-
net
wor
k 
ense
mbl
es 

Ear 
data
sets 
in 
sour
ce 

Classi
ficatio
n rate 

Achieved 
99.75% 
(IITD-II), 
99.58% 
(USTB-II), 
and 92.63% 
(AWE), 
outperformin
g individual 
deep models. 

Performan
ce 
decreases 
on 
unconstrai
ned 
datasets 
such as 
AWE 
despite 
strong 
results on 
controlled 
datasets. 

Aia
di 
et 
al., 
202
3 
[28
] 

MD
FNe
t 
ligh
twei
ght 
uns
uper
vise
d 
net

Ear-
reco
gniti
on 
ben
chm
arks 

Recog
nition 

Improved 
Accuracy by 
75.4%, F1-
score by 
33.2%, and 
runtime by 
70.2% 
compared 
with the 
EfficientViT-
B3 baseline 

Evaluated 
only on 
endoscopi
c image 
datasets; 
applicabili
ty to other 
imaging 
domains 
remains 
unverified. 
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wor
k 

while 
maintaining 
competitive 
IoU. 

Fre
ire-
Ob
reg
ón 
et 
al., 
202
3 
[52
] 

Zer
o-
shot 
cros
s-
data
set 
tran
sfer 

Mul
tiple 
unc
onst
rain
ed 
data
sets; 
mob
ile 
focu
s 

Cross-
datase
t 
recog
nition 

Best zero-
shot transfer 
achieved 
Rank-1 = 
79.40%, 
Rank-5 = 
94.60%, and 
mAP = 
76.50% 
(AWE → 
AMI); AMI 
→ AWE 
achieved 
Rank-1 = 
73.80%, 
Rank-5 = 
90.50%, and 
mAP = 
69.70%. 

Recognitio
n 
performan
ce remains 
sensitive 
to domain 
shift 
because no 
target-
domain 
retraining 
is 
performed. 

Zar
ach
off 
et 
al., 
202
3 
[56
] 

Mul
ti-
ban
d 
PC
A 

IIT
D-II 
and 
US
TB-
I 

Rank-
1 
impro
vemen
t 

56.41% and 
51.11% 
improvement 
over standard 
PCA 

Improvem
ent is 
relative to 
a weak 
PCA 
baseline. 

Me
hta 
and 
Sin
gh, 
202
4 
[29
] 

Stac
ked 
ligh
twei
ght 
CN
N 
ense
mbl
e 

IIT
D-II 

Classi
ficatio
n 
accura
cy 

98.74% 
Single-
dataset 
evidence. 

Me
hta 
and 
Sin
gh, 
202

Tra
nsfe
r 
lear
ning 
+ 

IIT
D-II 

Accur
acy / 
F1 

Weighted 
95.96%; 
average 
93.08%; F1 
95.96% 

No large 
external 
benchmar
k. 

4 
[30
] 

ligh
twei
ght 
CN
N 
ense
mbl
e 

Me
hta 
and 
Sin
gh, 
202
3 
[61
] 

Dee
p 
CN
N + 
aug
men
tatio
n 

2-D 
ear 
data 

Recog
nition 

Achieved 
98.74% 
recognition 
accuracy 
using data 
augmentation 
and a deep 
CNN 
architecture. 

Performan
ce was 
evaluated 
on a single 
controlled 
dataset, 
limiting 
evidence 
of 
generalizat
ion to 
unconstrai
ned 
environme
nts. 

Ma
haj
an 
and 
Sin
gla, 
202
4 
[31
] 

Dee
p 
CN
N + 
Bi-
LST
M 
(De
epB
io) 

Five 
ear 
data
sets 

Accur
acy 

97.97%, 
99.37%, 
98.57%, 
94.50%, 
96.87% 

Protocol 
equivalenc
e across 
datasets is 
uncertain. 

Me
hta 
et 
al., 
202
4 
[11
] 

VG
G16
/VG
G19 
tran
sfer 
+ 
SV
M 
ense
mbl
e 

Two 
data
sets 
with 
pose
/illu
min
atio
n 
vari
atio
n 

Recog
nition 

Accuracy = 
95.96%, 
Precision = 
95.97%, 
Recall = 
95.96%, F1-
score = 
95.96%, 
Specificity = 
99.36%. 

Evaluated 
on a single 
benchmar
k dataset, 
and 
computati
onal 
complexit
y increases 
due to the 
ensemble 
architectur
e. 

Jah
a, 

Dee
p 

Mul
tiple 

Recog
nition 

Up to 
99.94%; up 

Soft 
biometric 
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202
5 
[62
] 

feat
ures 
+ 
disc
rimi
nato
ry 
soft 
bio
met
rics 

ear 
data
sets 

to 14% 
improvement 

attributes 
may 
introduce 
fairness/pr
ivacy 
concerns. 

Yu
an 
et 
al., 
202
5 
[63
] 

Sy
mm
etry 
alig
nme
nt + 
feat
ure 
inte
racti
on 

Bila
teral 
ear 
data 

Simila
rity/au
thenti
cation 

Similarity 
accuracy 
99.03%; 
authenticatio
n F1 0.9252 

Single-
source 
population 
limits 
generalizat
ion. 

 
Table 8  Comparison of 3-D, Thermal, Multimodal, 
and Secure Ear Biometric Methods 

Stud
y 

Syste
m Data 

Met
ric 

Resul
t 

Contr
ibutio
n 

Limi
tatio
n 

Gan
apat
hi et 
al., 
2018 
[34] 

3-D 
curvil
inear 
ear 
featur
es 

UND-
J2 / 
in-
house 
3-D 
data 

Rank
-1 / 
EER 

98.69
% 
Rank-
1; 
1.53
% 
EER 
report
ed 

3-D 
shape 
robust
ness 

Dept
h 
sensi
ng 
and 
regist
ratio
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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][57][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 
AI, 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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