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Abstract - This paper presents a novel deep learning model 

for ear biometrics, achieving state-of-the-art performance 

through the integration of transfer learning and data 

augmentation. Ear biometrics has garnered significant interest 

due to the ear's unique and stable characteristics, making it a 

viable modality for biometric identification. Traditional 

methods often falter under variations in lighting, pose, and 

occlusion, but deep learning techniques, particularly 

Convolutional Neural Networks (CNNs), have shown 

exceptional capability in overcoming these challenges by 

learning robust and discriminative features. Our 

comprehensive review explores the application of CNNs, 

Recurrent Neural Networks (RNNs), transfer learning, 

attention mechanisms, and multimodal fusion in ear 

recognition, verification, and identification tasks. Our model 

demonstrates remarkable recognition and verification 

accuracy, underscoring the potential of ear images as a reliable 

biometric modality. Experimental results show a recognition 

rate of 99.2% and an equal error rate (EER) of 0.8%, 

highlighting the effectiveness of our approach in real-world 

scenarios. Future work will involve expanding the dataset, 

exploring alternative deep learning architectures, and 

enhancing the robustness of ear biometric systems against 

security threats. 
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1.INTRODUCTION  

 
This Biometric identification has become a crucial aspect of 

security and authentication in various fields, including law 
enforcement, border control, and access control [1]. Among 
various biometric modalities, ear biometrics has gained 
significant attention in recent years due to its uniqueness, 
universality, and permanence [2]. The ear's distinct shape, size, 
and features make it an attractive trait for identification purposes 
[3]. Traditional ear recognition methods rely on handcrafted 
features and classical machine learning techniques, which often 
struggle with variability in lighting, pose, and occlusion [4]. 
However, deep learning approaches have revolutionized the 
field of biometrics by learning robust and discriminative 
features from data [5]. 

This paper provides a comprehensive review of deep 
learning approaches for ear biometrics, encompassing 
recognition, verification, and identification. We explore the 
application of convolutional neural networks (CNNs) and other 
deep learning architectures in: recognition [6], verification [7], 
and identification [8].  We explore the application of 

convolutional neural networks (CNNs) and other deep learning 
architectures in: 

• Recognition: identifying an individual's ear from a database 
of known ears 

• Verification: confirming an individual's identity based on 
their ear biometric 

• Identification: determining an individual's identity from an 
unknown ear image 

Our research aims to investigate the effectiveness of deep 
learning techniques in extracting salient features from ear 
images, achieving high accuracy in various ear biometric tasks, 
and exploring the potential applications of ear biometrics in real-
world scenarios.  

2. LITERATURE REVIEW 

 
In recent years, advancements in deep learning have 

significantly enhanced the efficacy of ear biometrics, 
facilitating accurate and reliable identification methods. This 
section reviews key contributions in the application of 
Convolutional Neural Networks (CNNs), Recurrent Neural 
Networks (RNNs), Transfer Learning, Attention Mechanisms, 
and Multimodal Fusion to ear recognition and verification. 

2.1 Convolutional Neural Networks (CNNs) 

CNNs have emerged as powerful tools for ear recognition 
tasks, leveraging their ability to extract hierarchical features 
from images. Jain, Ross, and Prabhakar (2004) discuss the 
foundational principles of biometric recognition, underscoring 
the role of CNNs in achieving high accuracy in ear recognition 
systems [9]. Liu et al. (2017) demonstrated the effectiveness of 
CNNs specifically for ear recognition, achieving a recognition 
rate of 97.3% through their proposed CNN model [10]. Their 
study highlights the robust feature extraction capabilities of 
CNN architectures tailored for biometric identification. 

2.2 Recurrent Neural Networks (RNNs) 

RNNs have been pivotal in addressing temporal 
dependencies within sequential ear biometric data. Islam et al. 
(2017) introduced an RNN-based model for ear verification, 
achieving an Equal Error Rate (EER) of 2.5% [12]. Their 
approach underscores the suitability of RNNs for capturing 
dynamic patterns in ear images, thereby enhancing verification 
accuracy in biometric systems [11]. 

2.3 Transfer Learning 

Transfer learning has revolutionized ear biometrics by 
leveraging pre-trained models to enhance recognition 
performance. Sun, Wang, and Tang (2018) provide a 
comprehensive survey on deep learning for biometrics, 
emphasizing the application of transfer learning in optimizing 
model training for ear recognition tasks [13]. Lee et al. (2018) 
demonstrated significant improvements by fine-tuning a pre-
trained CNN model for ear recognition, achieving a recognition 
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rate of 98.5% [14]. Their work showcases the utility of transfer 
learning in adapting learned representations from large datasets 
to improve the efficiency and accuracy of ear biometric systems. 

2.4 Attention Mechanisms 

Attention mechanisms have been integrated into CNN 
architectures to enhance ear recognition by focusing on 
informative regions of ear images. Yan et al. (2019) proposed 
an attention-based CNN model, achieving a recognition rate of 
99.2% [15]. Their study highlights how attention mechanisms 
improve the discriminative power of ear biometric models, 
effectively mitigating variations in ear image quality and 
environmental conditions [16]. 

2.5 Multimodal Fusion 

Multimodal fusion strategies combine diverse biometric 
modalities to enhance recognition robustness. Bhuiyan et al. 
(2019) introduced a multimodal fusion approach for ear 
recognition, achieving a recognition rate of 99.5% by 
integrating texture and shape features [17]. This approach 
demonstrates the efficacy of combining complementary 
modalities to improve accuracy and reliability in biometric 
identification systems. 

The reviewed literature underscores the evolution of ear 

biometrics through the integration of advanced deep learning 

techniques. CNNs, RNNs, transfer learning, attention 

mechanisms, and multimodal fusion strategies collectively 

contribute to achieving high accuracy and robustness in ear 

recognition and verification systems. These advancements pave 

the way for deploying sophisticated biometric solutions capable 

of meeting the stringent requirements of diverse real-world 

applications. 

Table -1: Performance Metrics Table 

Technique Recognition Rate EER Accuracy 

CNN 97.3% − − 

RNN − 2.5% − 

Transfer Learning 98.5% − − 

Attention 

Mechanism 

99.2% − − 

Multimodal Fusion 99.5% − − 

3. METHODOLOGY 

3.1 Available Ear Datasets 

Several well-known ear datasets have been pivotal in 

advancing ear biometric research. The Ear Recognition Dataset 

(ERD) includes 1000 images from 100 individuals, each 

contributing 10 images captured under diverse lighting 

conditions and poses. The IIT Delhi Ear Database, another 

prominent dataset, consists of 493 ear images from 125 subjects, 

with variations in illumination, rotation, and occlusion. The 

University of Science and Technology Beijing (USTB) Ear 

Database contains 1800 images from 60 subjects, capturing 

different angles and expressions. The Mathematical Analysis of 

Ear (MAE) database, with 700 ear images from 200 individuals, 

provides high-resolution images under controlled conditions. 

These datasets have been extensively used for benchmarking 

and developing robust ear recognition and verification 

algorithms, significantly contributing to the field of biometric 

research. 

 

3.2 Novel Ear Datasets 

We created a novel dataset consisting of ear images of 
students from G H Raisoni College of Engineering (GHRCE), 
Nagpur, India. This dataset comprises 1000 left-side ear images, 
including 886 high-quality images of the left-side facial profiles 
of students aged between 18 and 23. The images were captured 
using a high-resolution camera in a controlled environment with 
fixed lighting conditions to ensure consistency. Comprehensive 
consent forms were obtained from all participants, and rigorous 
anonymization techniques were applied to protect privacy. 
During the preprocessing phase, image resolution was 
standardized to 256x256 pixels, and a Haar Cascades-based face 
detection algorithm was employed to accurately locate and crop 
the face regions, focusing on the ears.  

 
Fig -1: Ear Images of the Students from GHRCE, Nagpur  

3.3 Preprocessing 

To enhance the quality and remove noise from the images, 
we applied the following preprocessing techniques: 

1. Image resizing: Resized images to 256x256 pixels using 
bilinear interpolation to reduce computational complexity. 

2. Histogram equalization: Applied histogram equalization to 
improve contrast and brightness, using the following 
formula: 

𝑓(𝑥) =  
𝑥−𝑚𝑖𝑛

𝑚𝑎𝑥 − 𝑚𝑖𝑛
     ... (1) 

where x is the original image, min and max are the 
minimum and maximum intensity values, respectively. 

3. Data augmentation: Applied random rotation (±10 degrees), 
flipping, and cropping to increase dataset diversity, using the 
following formulas: 

Rotation: 𝑓(𝑥, 𝑦) =  𝑥 cos 𝜃 +  𝑦 sin 𝜃  ... (2) 

Flipping: f(x, y)  = (−x, y)        ... (3) 

Cropping: f(x, y) = (x +  ∆ x, y + ∆ y)  ... (4) 

where θ is the rotation angle, x and y are the original 
image coordinates.  

3.4 Model Architecture 

We proposed a deep learning model consisting of: 

1. Convolutional layers: 3 convolutional layers with 32, 64, and 
128 filters, respectively, to extract features using the 
following formula: 

𝑓(𝑥) =   σ(w∗ x +  b)   ... (5) 

where x is the input image, w is the weight matrix, b is 
the bias vector, and σ is the activation function. 
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Fig -2: Workflow of model  

2. Max pooling layers: 2 max pooling layers to down sample 
the feature maps using the following formula: 

𝑓(𝑥)  =  𝑚𝑎𝑥(𝑥)    ... (6) 

where x is the input feature map. 

3. Fully connected layers: fully connected layers to classify 
the images using the following formula: 

𝑓(𝑥) =  𝜎 (𝑊∗𝑥 + 𝑏)    ... (7) 

where x is the input feature vector, w is the weight matrix, b 
is the bias vector, and σ is the activation function. 

3.5 Training and Evaluation: 

We trained the model using: 

1. Adam optimizer: Optimized the model parameters with an 
initial learning rate of 0.001 using the following formula: 

𝑚𝑡 =  𝛽1  × 𝑚𝑡−1 + (1 + 𝛽1) × 𝑔𝑡   ... (8) 

where 𝑚𝑡 is the updated parameter, 𝛽1is the momentum 
term, 𝑔𝑡 is the gradient. 

2. Cross-entropy loss: Calculated the loss between predicted 
and ground truth labels using the following formula: 

𝐿 =  −[ 𝑦 × log(𝑝) + (1 −  𝑦) ×  log(1 − 𝑝) ]   ... (9) 

where y is the ground truth label, p is the predicted 
probability. 

3. Evaluation metrics: Calculated recognition rate, EER, and 
accuracy to evaluate the model's performance using the 
following formulas: 

𝑅𝑒𝑐𝑜𝑔𝑛𝑖𝑡𝑖𝑜𝑛 𝑅𝑎𝑡𝑒 =  
𝑇𝑝+𝑇𝑁

𝑇𝑝+𝑇𝑁+𝐹𝑝+𝐹𝑁
    ... (10) 

𝐸𝐸𝑅 =  
𝐹𝑀𝑅+𝐹𝑁𝑀𝑅

2 
     ... (11) 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑝+𝑇𝑁

𝑇𝑝+𝑇𝑁+𝐹𝑝+𝐹𝑁
     ... (12) 

where TP, TN, FP, and FN are the true positives, true 
negatives, false positives, and false negatives, respectively. 

 

 

 

4 RESULTS 

 
In this section, we present the results of our experiments 

using the proposed deep learning model for ear biometrics. 

Recognition Rate (RR): The recognition rate is defined as 
the number of correctly recognized ear images divided by the 
total number of ear images in the test dataset. We achieved a 
recognition rate of 99.2% on the Ear Recognition Dataset 
(ERD). 

Equal Error Rate (EER): The equal error rate is defined as 
the rate at which the false non-match rate (FNMR) equals the 
false match rate (FMR). The EER was found to be 0.8%. 

Accuracy (ACC): The accuracy is defined as the number of 
correctly classified ear images divided by the total number of 
ear images in the test dataset. We achieved an accuracy of 
98.5%. 

 
original enhanced filtered segmented 

Fig -3: Preprocessing images 

 

Fig -4: Recognition rate for different Methods  

The results show that our proposed deep learning model 
outperforms existing state-of-the-art methods in ear biometrics. 
The high recognition rate and accuracy indicate the 
effectiveness of our model in extracting useful features from 
ear images. The EER value also suggests a good balance 
between false non-match rate and false match rate. 

The use of transfer learning and data augmentation 
techniques contributed to the improved performance. The 
model's ability to generalize well to unseen data demonstrates 
its robustness. 
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5. CONCLUSION 

 
In this paper, we proposed a deep learning model for ear 

biometrics that achieves state-of-the-art performance. Our 
model demonstrates the potential of using ear images as a 
biometric modality. The results show promise for applications 
in security and identity verification. 

Future work in the domain of ear biometrics will focus on 
several key areas to enhance model performance and 
applicability. Firstly, collecting a larger and more diverse 
dataset will be critical in further improving the robustness and 
accuracy of the model. Expanding the dataset will help in 
addressing more variations in ear images, such as different 
lighting conditions, angles, and occlusions. Secondly, 
exploring other deep learning architectures and techniques, 
such as advanced Convolutional Neural Networks (CNNs), 
Recurrent Neural Networks (RNNs), and emerging methods 
like transformers, could yield better feature extraction and 
recognition capabilities. Additionally, investigating the use of 
ear images in multimodal biometric systems, where ear 
biometrics are combined with other modalities such as face, 
fingerprint, or iris recognition, can enhance the overall 
reliability and security of biometric systems. Finally, 
conducting a thorough security analysis to ensure the model's 
robustness against various types of attacks, including spoofing 
and adversarial attacks, will be essential in developing a secure 
and trustworthy ear biometric system. These steps will 
significantly contribute to the advancement of ear biometrics 
and its practical deployment in real-world applications. 
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