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Abstract: The possibility of precisely identifying people by  ear images has become an interesting field within the biometric community in recent 

years. This is due to the unique characteristics of the human ear. A new deep learning architecture for ear recognition is proposed in this paper. 

The proposed method include a preprocessing stage for enhancing the important features of ear images using contrast-limited adaptive histogram 

equalization. A deep convolutional neural network classifier is used to classify the preprocessed ear images. The experimental results show that 

the proposed recognition system has recorded an overall 97.92 % testing accuracy. 
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I. INTRODUCTION   

Biometric systems have become one of the most important 
parts of human societies with the increasing demand for 
security issues in various fields in addition to being highly 
related to wide applications range such as identity 
management, surveillance, law enforcement, forensics, and so 
on [1]. A biometric system can be defined as a pattern 
recognition system that detects individual authenticity 
depending on distinct biometric characteristics. Traditional 
pattern recognition systems, which are broadly based on 
password and identification card, are no longer able to provide 
a reliable identification due to the advances in cyber-attacks as 
well as it can simply be stolen or forgotten. Whereas, 
biometrics systems rapidly distinguished itself      as the most 
reliable and accurate form of identity authentication [2].  

Biometric characteristics can be mainly categorized into 
physiological biometrics and behavioral biometrics. 
Physiologic biometrics point to the physical characteristics 
which are related to the human body such as fingerprint, 
earprint, face, iris, retina, and hand geometry. While, 
behavioral biometrics are related to the pattern of human 
behavior such as gait, voice, signature, and keystroke. So, 
biometric techniques based on either image acquisition 
devices like cameras or scanners in the case of recognizing one 
of the biometric characteristics, or platens in the case of 
recognizing one of the behavioral biometrics [3]. For 

differentiating between users, the most reliable and distinctive 
features are selected and converted into a biometric reference. 
Then, the extracted features are saved in a database or other 
repository and employed for comparative processes when 
pattern recognition is required. Ear recognition is one of the 
most important research topics in the field of human 
recognition. Because human ear has unique biological 
characteristics based on the fact that the human ear maintains 
its shape and texture and does not change with age as 
compared with other biometrics [4].  

Additionally, there are several attractive human ear 
features including insensitive to emotional feelings, ease of 
capturing from a distance, and stability over time. Therefore, 
the image of the ear can be considered as a rich source of 
biometrical information to build and develop an effective 
recognition system [1]. Characteristics of the human ear are 
shown in Fig.1.   

 

Figure. 1: Characteristics of the human ear 

One of the most significant phases of biometrics recognition is 
features extraction. The early works of ear recognition 
techniques used handcrafted feature engineering approaches 
for features images extraction. The selected features are then 
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employed for training a traditional classier to learn particular 
pattern of the obtained features. The effectiveness of these 
recognition approaches is significantly influenced by the 
performance of the used classifier and the strength of the 
feature extraction. Generally, there are two essential 
limitations related to these approaches which are firstly, the 
system efficiency decreases with increasing the level of visual 
variation in the processed images, and secondly extracting the 
correlated features manually from images is a time-consuming 
process and requires a big experience in the specific field [1, 
5]. Recently, deep learning Convolutional Neural Network 
(CNNs) has been successfully applied in various computer 
vision applications including biometric recognition [6-8], 
image classification [9-11], and object detection [12-15]. The 
aim of this work is to develop an ear recognition system based 
on deep convolutional neural network classifier. 

II.    RELATED WORKS 

In this section, a brief summary of different related work 
of ear recognition is presented. In 2016, S.Taertulakarn et al. 
[16] proposed ear recognition system depending on geometric 
features for 3D surface of human ear using 2D ear images. For 
features extraction from ear structure, Principal components 
analysis (PCA) is utilized in that work. In image capturing 
phase, 3D scanner in addition to camera are required to obtain 
projective matrix. The suggested system achieved an accuracy 
rate of 92% in ear image recognition.   

In 2017, M. Chowdhury et al. [17] suggested ear based 
biometric recognition technique utilizing local image features 
and artificial neural network. AdaBoost based detector was 
used for ear region detection on profile images. Ear images 
were pre-processed with a fuzzy filter for removing all the 
holes and spikes from the interested ear region. In 2018, S. 
Jiddah et al. [18] developed another recognition technique 
based on fusion of texture and geometric features of ear using 
AMI dataset. Laplacian filter was separately applied to raw 
dataset images for extracting the geometric features. While 
texture features was extracted by applying Ojala operators. 
After fusion the extracted features, k-nearest neighbor 
classifier was employed for ear pattern classification. The 
presented system achieved an accuracy rate of 90% 
recognition in six iterations.  

 In 2019, N. Petaitiemthong et al. [19] proposed 
convolutional neural networks system for recognizing side 
view and front view of human ear. The obtained results 
depending on the side view images was 80% correct 
classification, and 84% correct classification depending on the 
front view. In 2020, S. Nikose and H. Meena [20] developed 
ear biometric identification scheme based on convolutional 
neural network. Dataset images were preprocessed by 
Gaussian filter and Canny operator for enhancing recognition 
rate. The best accuracy rate achieved by the proposed system 
was 93.3 % correct recognition.  

 In 2021, A. Hamdany et al. [21] suggested earprint 
recognition model based on deep learning technique. The 
proposed method employed Adam optimization for 

determining the best parameters of convolutional neural 
network. The suggested model achieved 94% accuracy rate 
using IIT Delhi ear dataset. 

III. CONVOLUTIONAL NEURAL NETWORK     

Convolutional Neural Network (CNN) is one of the most 
popular architectures of multilayer perceptron deep neural 
network, especially in the fields of image processing and 
computer vision. Due to its essential characteristics such as 
low complexity, visual variations tolerance, local perception, 
pooling sampling, weight sharing, and binding of automated 
feature extraction with the classification task [22]. In addition, 
CNN is typically trained by using small image patches such as 
(32 x 32) to be less time-consuming. The general structure of 
CNNs includes three kind of layers: convolution layer, pooling 
layer, and fully connected layer as shown in Fig.2. The main 
objective of convolution and pooling layers is for feature 
extraction while the objective of fully connected layers is for 
classification problem. The following subsections present a 
brief description of each layer [19].   

 

Figure. 2: General convolutional neural network architecture [23] 

A. Convolution Layer   

In this layer, a sliding filter or kernel is applied to the input 
image in an element-wise method using the mathematical 
convolution operation instead of general matrix multiplication 
for features map extraction. The number and size of kernels 
are hyper-parameters for controlling the network learning 
process. As a result, the input data is convolved and passed its 
result to the next pooling layer.   

B. Pooling layer  

The pooling layer objective is to reduce dimensionality of 
received data by merging the neurons outputs at one layer 
resulting a single neuron in the next layer. The merging 
process is applied for a small window of the feature map by 
using statistical operations usually either max or mean.  

C. Fully connected layers   

As in multilayer perceptron networks, this layer connects 
every neuron in one layer to every neuron in another layer. The 
main objective of fully connected layers is to construct the 
final output for a classifier as a column vector by passing the 
flattened matrix.   
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IV. PROPOSED SYSTEM DESIGN 

The proposed ear recognition system consists of two main 
parts which are pre-processing stage followed by automated 
features extraction stage. Contrast-Limited Adaptive 
Histogram Equalization (CLAHE) technique is utilized for the 
pre-processing stage to enhance the quality of the input image. 
While, convolutional neural network is employed for 
automated features extraction stage. Fig. 3 shows the general 
structure of the proposed method. 

 

Figure. 3: General structure of the proposed method  

A. Contrast-Limited Adaptive Histogram Equalization    

Contrast-Limited Adaptive Histogram Equalization 
(CLAHE) is one of the most powerful image processing 
technique used for image contrast enhancement. CLAHE has 
been developed to resolve the limitation of adaptive histogram 
equalization which tends to amplify noise in homogeneous 
areas of the processed image.   

    CLAHE runs over a small region of an image rather than 
an entire image to limit noise amplification. Fig. 4 shows 
sample of original ear image dataset (left column) with the 
corresponding enhanced image (right column) using CLAHE 
technique. The procedure of CLAHE can be summarized by 
the following steps [24, 25]:   

1. Dividing the image into non-overlapping blocks.  

2. Calculating the histogram for each block.  

3. Obtaining a clip limit to clip histograms, depending 
on a desired limit of contrast stretching.  

4. Redistributing each histogram so that its height does 
not exceed the clip limit.  

5. Determining cumulative distribution functions 
(CDF) for the obtained histograms. 

 

 

Figure. 4: Sample of ear images after CLAHE enhancement  

B. Convolutional Neural Network Model Architecture   

The proposed network consists of three convolution layers 
followed by max pooling layer for each one with filter size of 
2x2 and two dense fully connected layers. The input to the 
CNN are the ear images with size of (227x227x3). The first 
convolution layer applies 32 filters with the size of 3x3, the 
second convolution layer applies 64 filters with the size of 3x3, 
and The third convolution layer applies 128 filters with the 
size of 3x3.   

The input to fully connected layer has to be a vector 
dimension. Therefore, flatten is employed for transforming an 
nxn dimensional image into a vector with dimensions of 
(n2x1) as an input for the first fully connected layer which has 
130 neurons. The last layer is fully connected layer with 
neurons equal to the output classes number.   

The nonlinearity Rectified Linear Unit (ReLU) is used 
after each convolutional layer as well as the first fully 
connected layer as activation function due to its simplicity and 
better fitting capability than other activation functions like 
sigmoid and hyperbolic tangent function. Whereas, the last 
fully connected layer applies Softmax activation function for 
obtaining the probabilities of each class. In addition, dropout 
function with ratio of 20% at the first convolution and fully 
connected layers is utilized to overcome the overfitting 
problem of neural networks. The proposed CNN architecture 
is presented in Table I, which is implemented with the help of 
Keras library provided by Python environment. Fig. 5. Shows 
the overall proposed ear recognition system 

Table 1.  Architecture Of Proposed CNN 

Layer  Output shape  Parameter #  

conv2d_3  
(Conv2D)  

(None, 225, 225, 32)  896  

max_pooling2d_3  (None, 112, 112, 32)  0  

dropout_2 

(Dropout)  
(None, 112, 112, 32)  0  

conv2d_4  
(Conv2D)  

 (None, 110, 110, 64)    18496  
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max_pooling2d_4  (None, 55, 55, 64)  0  

conv2d_5  
(Conv2D)  

(None, 53, 53, 128)  73856  

max_pooling2d_5  (None, 26, 26, 128)  0  

flatten_1 (Flatten)    (None, 86528)  0  

dense_2 (Dense)  (None, 130)  11248770  

dropout_3 

(Dropout)  
(None, 130)  0  

dense_3 (Dense)  (None, 10)      1310  

Total parameters: 11,342,149  
Trainable parameters: 11,342,149 Non-

trainable parameters: 0  

 

 

 

Figure. 5: Architecture of the proposed recognition system 

V. EXPERIMENTS AND RESULTS 

The performance of the proposed ear recognition system is 
evaluated by using ear dataset known as Dataset1 which is 
publicly available for the biometric community. The dataset 
adopted in this work is characterized by containing high 
variability images with different levels of visual variation of 
the same class, which is considered as a big challenge for the 
biometric recognition algorithms. As shown in Fig. 8, the 
variability of Dataset1 images including several aspects such 
as the angle of capturing, intensity of illumination, capturing 
distance, ear position, and presented ear size. 

 

 

Figure. 6: Sample of Dataset-1 with high variability images of four 
different classes 

The adopted dataset consists of 1600 images of right and 
left ears with the size of (227x227x3) for 10 different classes, 
where each class consist of 160 images. In this work, the 
dataset is divided into two subsets: training set (80%) and 
testing set (20%). The proposed model which is described in 
Section III is applied for the ear recognition task. The network 
gets trained and builds its intelligence based on the training 
dataset. Then, the model accuracy is evaluated by applying the 
learned intelligences to the testing dataset. The results of 
training and testing of the CNN for both accuracy and loss 
across different epochs are illustrated in Table II. The 
performance of the proposed system in term of accuracy and 
loss is shown in Fig. 7 and Fig. 8. The proposed recognition 
method achieved an overall 97.92 % testing accuracy.    

Table -2.  Accuracy And Loss for Different Epochs 

Epoch  Loss  Accuracy (%)  

5  1.5914  0.4750  

10  0.8419  0.6833  

15  0.4531  0.8625  

20  0.2699   0.9000  

25  0.2380  0.9250  

30  0.2330  0.9208  

35  0.2018   0.9458  

40  0.2279  0.9625  

45  0.1254  0.9708  

50  0.1803  0.9625  
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55  0.1316  0.9792  

60  0.1525  0.9667  

 

 

Figure. 7: Training and validation accuracy of the proposed 
recognition system 

 

Figure. 8: Loss rate of the proposed recognition system 

VI. CONCLUSION 

     This work suggests a deep learning human ear 
recognition method that includes a preprocessing stage, which 
is achieved by using contrast-limited adaptive histogram 
equalization technique, to enhance ear image features prior 
applying the convolutional neural network classifier. The 
proposed CNN approach has been effective in achieving high 
accuracy in ear image classification which is achieved an 
overall 97.92% testing accuracy. 

 

REFERENCES 

[1] H. Alshazly, C. Linse, E. Barth and T. Martinetz, "Deep 
Convolutional Neural Networks for Unconstrained Ear 
Recognition," in IEEE Access, vol. 8, pp. 170295-170310, 2020.   

[2] I. Boucherit, M. Zmirli, H. Hentabli, and B. Rosdi, “Finger vein 
identification using deeply-fused Convolutional Neural Network,” 
Journal of King Saud University - Computer and Information 
Sciences, 2020.  

[3] B. Pandya, G. Cosma, A. A. Alani, A. Taherkhani, V. Bharadi and 
T.M. McGinnity, "Fingerprint classification using a deep 
convolutional neural network," 2018 4th International Conference 
on Information Management (ICIM), pp. 86-91, 2018.   

[4] C. Chen, J. Ding and C. Huang, "Advanced Ear Detection 
Algorithm Using Faster R-CNN, Refocus Filters, and the Gradient 
Map," 2018 IEEE 23rd International Conference on Digital Signal 
Processing (DSP), pp. 1-5, 2018. 

[5] H. Alshazly et al. “Handcrafted versus cnn features for ear 
recognition,”. Symmetry 11(12), 2019.  

[6] H. M. L. Aung and C. Pluempitiwiriyawej, "Gait Biometric-based 
Human Recognition System Using Deep Convolutional Neural 
Network in Surveillance System," 2020 Asia Conference on 
Computers and Communications (ACCC), pp. 47-5, 2020.   

[7] J. Shen et al., "Finger Vein Recognition Algorithm Based on 
Lightweight Deep Convolutional Neural Network," in IEEE 
Transactions on Instrumentation and Measurement, vol. 71, pp. 1-
13, 2022.  

[8] M. K. Roy and U. Keshwala, "Res2Net based Text Independent 
Speaker recognition system," 2022 12th International Conference 
on Cloud Computing, Data Science & Engineering (Confluence), 
pp. 612-616, 2022.  

[9] S. Jia et al., "3-D Gabor Convolutional Neural Network for 
Hyperspectral Image Classification," in IEEE Transactions on 
Geoscience and Remote Sensing, vol. 60, pp. 1-16, 2022.  

[10] H. Yu, H. Zhang, Y. Liu, K. Zheng, Z. Xu and C. Xiao, 
"DualChannel Convolution Network With Image-Based Global 
Learning Framework for Hyperspectral Image Classification," in 
IEEE Geoscience and Remote Sensing Letters, vol. 19, pp. 1-5, 
2022.  

[11] Y. Dong, Q. Liu, B. Du and L. Zhang, "Weighted Feature Fusion 
of Convolutional Neural Network and Graph Attention Network 
for Hyperspectral Image Classification," in IEEE Transactions on 
Image Processing, vol. 31, pp. 1559-1572, 2022.  

[12] M. Reza Obeidavi and K. Maghooli, "Tumor Detection in Brain 
MRI using Residual Convolutional Neural Networks," 2022 
International Conference on Machine Vision and Image 
Processing (MVIP), pp.1-5, 2022  

[13] Y. Tao, Z. Zongyang, Z. Jun, C. Xinghua and Z. Fuqiang, 
"Lowaltitude small-sized object detection using lightweight 
featureenhanced convolutional neural network," in Journal of 
Systems Engineering and Electronics, vol. 32, no. 4, pp. 841-853, 
Aug. 2021.  

[14] G. Yao et al., "An Empirical Study of the Convolution Neural 
Networks Based Detection on Object With Ambiguous Boundary 
in Remote Sensing Imagery—A Case of Potential Loess 
Landslide," in IEEE Journal of Selected Topics in Applied Earth 
Observations and Remote Sensing, vol. 15, pp. 323-338, 2022.  

[15] B. Bai, W. Fu, T. Lu and S. Li, "Edge-Guided Recurrent 
Convolutional Neural Network for Multitemporal Remote Sensing 
Image Building Change Detection," in IEEE Transactions on 
Geoscience and Remote Sensing, vol. 60, pp. 1-13, 2022.  

[16] S. Taertulakarn, C. Pintavirooj, P. Tosranon and K. Hamamoto, 
"The preliminary investigation of ear recognition using hybrid 



Fadhil Kadhim Zaidan,Adel Jalal Yousif,Ghazwan Jabbar Ahmed  et al. 

International Journal of Computer Science & Wireless Security (IJCSWS) 

Vol. 09(03), May-June 2022,pp.04-09 

 

ISSN: 1122-4573                                                                          www.ijcsws.com                                                                                              9 

 

technique," 2016 9th Biomedical Engineering International 
Conference (BMEiCON), pp. 1-4, 2016.  

[17] M. Chowdhury, R. Islam and J. Gao, "Robust ear biometric 
recognition using neural network," 2017 12th IEEE Conference on 
Industrial Electronics and Applications (ICIEA), pp. 1855-1859, 
2017.  

[18] S. M. Jiddah and K. Yurtkan, "Fusion of Geometric and Texture 
Features For Ear Recognition," 2018 2nd International Symposium 
on Multidisciplinary Studies and Innovative Technologies 
(ISMSIT), pp. 1-5, 2018.  

[19] N. Petaitiemthong, P. Chuenpet, S. Auephanwiriyakul and N. 
TheeraUmpon, "Person Identification from Ear Images Using 
Convolutional Neural Networks," 2019 9th IEEE International 
Conference on Control System, Computing and Engineering 
(ICCSCE), pp. 148-151, 2019.  

[20] S. Nikose and H. K. Meena, "Ear-biometrics for human 
identification," 2020 Advanced Computing and Communication 
Technologies for High Performance Applications (ACCTHPA), 
pp. 8-13, 2020.  

[21] A. Hamdany, A. Ebrahem, and A. Alkababji, “Earprint recognition 
using deep learning technique,” TELKOMNIKA 
Telecommunication, Computing, Electronics and Control, Vol. 19, 
No. 2, pp. 432-437, April 2021.  

[22] A. Ajit, K. Acharya and A. Samanta, "A Review of Convolutional 
Neural Networks," 2020 International Conference on Emerging 
Trends in Information Technology and Engineering (ic-ETITE), 
pp. 1-5, 2020.  

[23] Phung, V.H.; Rhee, E.J. “A High-Accuracy Model Average 
Ensemble of Convolutional Neural Networks for Classification of 
Cloud Image Patches on Small Datasets”. Appl. Sci. 2019.  

[24] A. Harsoyo, M. C. Rezi and P. H. Rusmin, "Design of face 
recognition system using local binary pattern and CLAHE on 
Smart Meeting Room System," 2013 IEEE 3rd International 
Conference on System Engineering and Technology, pp. 341-345, 
2013.  

[25] P. Musa, F. A. Rafi and M. Lamsani, "A Review: Contrast-Limited 
Adaptive Histogram Equalization (CLAHE) methods to help the 
application of face recognition," 2018 Third International 
Conference on Informatics and Computing (ICIC), pp. 1-6, 2018. 

 


