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Abstract: Limited ear dataset yields to the adaption of domain 

adaptive deep learning or transfer learning in the development of 
ear biometric recognition. Ear recognition is a variation of 
biometrics that is becoming popular in various areas of research 
due to the advantages of ears towards human identity recognition. 
In this paper, handpicked CNN architectures: AlexNet, 
GoogLeNet, Inception-v3, Inception-ResNet-v2, ResNet-18, 
ResNet-50, SqueezeNet, ShuffleNet, and MobileNet-v2 are 
explored and compared for use in an unconstrained ear biometric 
recognition. 250 unconstrained ear images are collected and 
acquired from the web through web crawlers and are preprocessed 
with basic image processing methods including the use of contrast 
limited adaptive histogram equalization for ear image quality 
improvement. Each CNN architecture is analyzed structurally and 
are fine-tuned to satisfy the requirements of ear recognition. 
Earlier layers of CNN architectures are used as feature extractors. 
Last 2-3 layers of each CNN architectures are fine-tuned thus, are 
replaced with layers of the same kind for ear recognition models to 
classify 10 classes of ears instead of 1000. 80 percent of acquired 
unconstrained ear images is used for training and the remaining 
20 percent is reserved for testing and validation. Results of each 
architectures are compared in terms of their training time, 
training and validation outputs as such learned features and 
losses, and test results in terms of above-95% accuracy 
confidence. Above all the used architectures, ResNet, AlexNet, 
and GoogleNet achieved an accuracy confidence of 97-100% and 
is best for use in unconstrained ear biometric recognition while 
ShuffleNet, despite of achieving approximately 90%, shows 
promising result for use in mobile version of unconstrained ear 
biometric recognition. 
 

Index Terms: ear recognition, domain adaptive deep learning, 
convolutional neural network, transfer learning.  

I. INTRODUCTION 

  Deep Learning is a universal method of machine learning 
that had been applied in several fields of researches including 
but not limited to image segmentation, object detection, 
classification, and biometric recognition [1, 2, 3, 4, 5]. 
Biometric recognition is a science and a technology 
(embedded systems) that deals with the identification of an 
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individual by extracting unique physiological and/or 
behavioral characteristics from an individual’s fingerprint, 
face, iris, retina, gait, and/or ear [6, 7, 8, 9]. Compared to the 
first five biometric modals stated, human ears had been 
proven to be more superior and advantageous for biometric 
recognition. The size and structure of ears are more static over 
ageing compared to other modal of biometry; human ears 
have robust and reliable features that could be extracted 
passively from distant measures; and human ears are 
universal, unique, permanent, and collectible [9, 10]. With 
these advantages, ear recognition had gained momentum of 
interests in multitudes of researches and applications as such 
computer vision and machine learning [11, 12, 13, 14]. 

Fusion of Computer Vision and Image Processing had been 
the most used methods in previous studies of ear biometrics 
[15]. Present studies suggest that the use of convolutional 
neural network shows promising results in ear recognition 
[16]. Deep Convolutional Neural Network or CNN is one of 
the deep learning algorithms and methods used in recent 
biometric recognition studies [16, 17]. It is a special type of 
deep neural network that works like the organization of an 
animal visual cortex. It is designed to automatically and 
adaptively extract and learn features from classes of images to 
perform tasks as such classification [18, 19]. Development of 
a CNN-based biometric recognition could be done by either 
modeling-from-scratch or transfer learning [20]. 
Modeling-from-scratch is a technique in developing a 
CNN-based biometric that heavily relies on the depth of 
available datasets through which features of classes will be 
extracted and learned for recognition. This method of CNN 
modeling heavily relies on the richness of used datasets and 
training time for learning new classes [21, 22]. However, this 
method posed a challenge to further explore CNN on ear 
biometrics due to limited collection of studies and ear datasets 
in both constrained and unconstrained environments [15, 23, 
24, 25]. To widen recent solutions to this challenge, this paper 
exploits the study of ear recognition in an unconstrained 
environment with limited data through the fusion of computer 
vision and deep learning in the form of transfer learning. 

Transfer Learning is another modeling technique that 
utilizes pre-trained CNN models by traversing earlier learned 
classes from one domain to classes of another domain [25]. In 
contrast with modeling-from-scratch, transfer learning learns 
new domains not by relying on the depth of its dataset but by 
recycling existing knowledge attained from previous training 
and hasten learning processes 
to be used for another specific 
learning task.  
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Figure 2. Samples of Acquired and Preprocessed 

Ear Images from the Web 
 

The main goals of this paper can be summarized as follows: 
• Identify the best CNN model for an unconstrained ear 

biometric through domain adaptive deep learning methods. 
• Analyze the concept of transfer learning on different 

deep convolutional neural network architectures for an 
unconstrained ear recognition. 

• Compare each deep convolutional neural network 
architecture as used in ear recognition in the context of 
transfer learning and accuracy performance. 

The rest of this paper is organized as follows: Section 2 
discusses recent studies related to the focus of this paper 
including but not limited to biometric recognition with 
transfer learning. Section 3 of this paper provides a thorough 
discussions of the used methodologies and framework for an 
unconstrained ear biometric recognition including data 
preprocessing, data augmentation, pre-trained CNN 
architectures, and transfer learning. Section 4 of this paper 
discusses the experimental and validation results obtained 
after exploiting the used methodology. Lastly, Section 5 
provides the conclusion of the paper and future application of 
this study. 

II. REVIEW OF RELATED STUDIES AND 

LITERATURES 

Transfer learning had been used in various recent biometric 
studies. Its application could be applied by either redirecting 
pre-trained weights for learning other knowledge domain 
and/or by fine-tuning network weights and learn new classes 
of domains from minimal number of datasets [26]. In the 
paper of [27], an AlexNet pre-trained model had been tailored 
with a handcrafted CNN architecture to extract features from 
fingernail plates and finger knuckles for the purpose of 
biometric authentication. The works of [28] proposes the use 
of a pre-trained CNN model for age range classification from 
an unconstrained face images due to the absence of large 
comprehensive unconstrained face dataset. In their paper, 
pre-trained CNN model is used as feature extractor from face 
images and applied fine-tuning to train their model for age 
classification. The contribution of [29] explores the 
utilization of transfer learning through AlexNet for 
finger-vein-based. Their work secured an accuracy level of 
95% predictability. The paper of [30], although not related to 
biometry, presents the use of transfer learning on different 
CNN architectures for breast cancer detection. In their paper, 
GoogleNet, VGGNet, and ResNet are used and secured 
promising results. Likewise, this paper exploits several CNN 
architectures to explore the effectivity of different neural 
networks in an unconstrained ear recognition. 

Although transfer learning had been widely applied to 
various biometric recognition, its application to ear 
recognition is very limited due to the scarcity in the collection 
of large ear data in either constrained or unconstrained 
settings [13, 15, 24]. To the knowledge of authors at the time 
of writing of this paper, there are only two papers that utilizes 
transfer learning for ear recognition. The works of [25] 
utilizes AlexNet transfer learning to recognize ears in 
controlled environments. Their paper presents a promising 
framework that their accuracy result achieved a rate of 100%. 
The paper of [31] focuses on ear recognition in an 

unconstrained environment while exploiting CNN 
architectures like AlexNet, VGGNet, ResNet and the 
datasets, AWE and CVLE from [13, 15]. Their paper 
achieved an accuracy rate of 88.75% to 99.69%. However, 
there had been no study that shows the effectivity of each 
available CNN architectures for unconstrained ear 
recognition through domain adaptive deep learning or transfer 
learning for benchmark purposes [25]. In addition to the 
above-stated solutions, this paper explores the effectivity of 
domain adaptive deep learning in an unconstrained ear 
biometric/recognition and compare each models through 9 
different handpicked CNN architectures: AlexNet, 
GoogleNet, Inception-v3, Inception-ResNet-v2, ResNet-18, 
ResNet-50, SqueezeNet, ShuffleNet, and MobileNet-v2. 
Image processing of computer vision is also used in this paper 
to further enhance the quality and result of each architecture. 

III. METHODOLOGY 

In this section, ear image collection and data preprocessing 
are described. This is followed by the discussion of used CNN 
architectures. Latter subsections discuss the details of used 
method in each steps of the study framework as shown in 
figure 1. 

A. Ear Image Collection 

Ear image collection if the first step in the used framework 
for this study. 

 
 
 
 

 
Figure 1. Ear Recognition Framework 
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 Inspired from the works of [13, 15], web crawler is used to 
collect ear images on the web randomly instead of using 
pre-defined ear databases. 25 ear images of 10 different 
personalities were extracted and collected from the internet in 
different positions, rotations, resolutions, scales, and 
distances, totaling to 250 ear images. Each ear image contains 
different look of occlusions.  Extraction of features through 
this number of ear images is enough for transfer learning to 
commence in ear recognition [32]. Collected ear images are a 
typical 3-channel image composed of red, green, and blue. 

B. Ear Image Preprocessing  

Ear image preprocessing is the second step in the used ear 
recognition framework of the study. Each acquired ear image 
are manually cropped producing a set of ear images with 
different square dimensions. However, to satisfy the input 
requirement of the used CNN architectures, cropped images 
are resized to 277x277 square pixels. Also, to further enhance 
the quality of each ear images, Contrast Limited Adaptive 
Histogram Equalization (CLAHE) [33], a derivative of 
histogram equalization is applied. To avoid overfitting and 
memorizing the exact details of each image by CNN 
architectures, each ear images are automatically resized by 30 
pixels horizontally and vertically in all directions. As 
preparation for transfer learning, 80% of the preprocessed ear 
images are allocated for the training while the remaining 20% 
is reserved for testing and validation of each CNN. There are 
no other methods applied aside from the processes stated 
above. Figure 2 shows sample of collected and preprocessed 
ear images. 

C. Pre-Trained CNN Architecture for Feature 
Extraction 

Third step of the study includes feature extraction and 
fine-tuning which are the core methods in training and 
modeling of the study. Subsection C discusses the used CNN 
architectures for modeling unconstrained ear recognition. 
Earlier layers of each architecture are used as feature 
extractor. 
1) AlexNet 

AlexNet is a CNN architecture proposed by Alex 
Krizhevesky and others that won the most difficult ImageNet 
challenge for visual object recognition in 2012 [34]. AlexNet 
is considered as the first state-of-the-art deep learning 
approach after it outperformed traditional computer vision 
methods in terms of accuracy and recognition rates [41]. It is 
the most well-studied CNN architecture due to its impact in 
most image classification tasks [42]. The architecture and 
network design of AlexNet is composed of 8 sequential layers 
with ~60 million parameters for a total of 25 layers. The basic 
structure of AlexNet architecture is composed of 5 
convolutional layers with max-pooling, 2 fully connected 
layers, and a softmax layer. Softmax layer is the activation 
layer that connects the architecture to 1000 classes while 
earlier layers treated as feature extractors. AlexNet can induce 
4096-dimensional feature vector from each image at the final 
layer which contain activations of hidden layers. 
2) GoogLeNet 

GoogLeNet is incarnated from the Inception architecture 
and is 22 layers deep composed of Inception modules for a 

total depth of 142 layers [36]. Although it is a deep 
architecture, its main goal is to learn with reduced parameters. 
It is a small CNN that is very close to human level 
performance with its exploitation of multiple layers of 
convolution or inception (LeNet-inspired) modules in parallel 
and bottleneck strategy to control overfitting and parameter 
explosion. On architectural-level performance, GoogLeNet 
uses small convolutions, batch normalization, and 
factorization and because it uses smaller convolutions, 
parameters are drastically reduced within the network. 
GoogLeNet’s parameter is ~4 million which is 15-times 
smaller than AlexNet. 
3) Inception-v3 

ReCeption or Inception-v3 is an improved version of 
GoogLeNet first used in 2016 ILSVRC Image Classification 
Challenge [37]. Instead of focusing on dimensionality 
reduction, factorization is introduced such that parameters 
will be reduced without decreasing the efficiency of network. 
Compared to GoogLeNet, ReCeption is 42 layers deep with a 
depth of 316 layers. 
4) Inception-ResNet-v2 

Inception-ResNet is a hybrid CNN model from the fusion 
of Inception-v3 and ResNet architectures, introduced by 
Szegedy and others in 2016 [43]. The main philosophy of this 
network is to go deeper with convolutions without sacrificing 
accuracy hence, ResNet’s philosophy is infused into 
Inception’s dimensionality reduction. Inception-ResNet is 
found to have the same performance as that of Inception-v4. 
On its architectural view, it is a 164 layers deep neural 
network composed of stem layers and residual blocks of 
inception modules totaling to a depth of 825 layers. Stem 
layers are a network of convolution layers found on the input 
layer of the architecture. 
5) ResNet 

Unlike the above-stated CNN architectures, ResNet 
architecture has the capacity to manage degradation of image 
classification accuracy on deeper layer of convolutions [39]. 
Neural networks traditionally learned through a stack of 
convolution layers, the deeper the depth, the deeper the model 
will learn. However, with the network depth increases, 
accuracy saturates and rapidly degrade. As a solution, ResNet 
introduces the use of residual blocks for learning.  On 
architectural view, ResNet is composed of combined multiple 
sized convolution filters that can manage accuracy 
degradation and reduces training time. In this paper, 
ResNet-18 and ResNet-50 are used. ResNet-18 is a version of 
ResNet that has 2 layers of convolution in a residual block and 
is 18 layers deep for a total depth of 75 layers.  ResNet-50 on 
the other hand depth 3 layers of convolution in a residual 
block and is 50 layers deep for a total depth of 177 layers. 
6) SqueezeNet 

SqueezeNet is a CNN architecture developed by Forrest 
Iandola and others in 2016. It dubbed as scaled-50 AlexNet as 
it can achieve AlexNet accuracy with 50x reduced parameters 
[35]. SqueezeNet is mainly composed of fire modules with 
compression strategies onto its layers. Fire module is a set of 
squeezed convolutional neural 
layers with parameters 
equivalent to 1x1 filters 
instead of the traditional 3x3. 
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Table 1. Fine-tuning Configuration of Pre-trained CNN Models 

CNN Architecture 
Layer 

# 

Pre-Trained 
(1000 Classes Object Recognition) 

Fine-Tuning  
(10 Classes for Ear Recognition) 

Name Type Details Name Type Details 

AlexNet 
23 fc8 fully connected 

1000 fully 
connected 

newFC fully connected 
10 fully 
connecte

d 
24 prob softmax n/a newProb softmax  
25 output crossentropyex n/a newOutput crossentropyex  

GoogLeNet 
142 loss3_classifier fully connected 

1000 fully 
connected 

newFC fully connected 
10 fully 
connecte

d 
143 prob softmax  newProb softmax  
144 output crossentropyex  newOutput crossentropyex  

Inception-v3 
314 prediction fully connected 

1000 fully 
connected 

newFC fully connected 
10 fully 
connecte

d 
315 softmax softmax  newProb softmax  
316 output crossentropyex  newOutput crossentropyex  

Inception-ResNet-v2 
823 predicitons fully connected 

1000 fully 
connected 

newFC fully connected 
10 fully 
connecte

d 
824 predictions_softmax softmax  newProb   
825 classificationpredictions crossentropyex  newOutput   

ResNet-18 
70 fc1000 fully connected 

1000 fully 
connected 

newFC fully connected 
10 fully 
connecte

d 
71 prob softmax  newProb softmax  
72 classificationlayer_predictions crossentropyex  newOutput crossentropyex  

ResNet-50 
175 fc1000 fully connected 

1000 fully 
connected 

newFC fully connected 
10 fully 
connecte

d 
176 prob softmax  newProb softmax  
177 classificationlayer_predictions crossentropyex  newOutput   

SqueezeNet 
67 prob softmax 1x1x1000 newProb softmax 1x1x10 
68 output crossentropyex n/a newOutput crossentropyex  

ShuffleNet 
171 node_202 fully connected 

1000 fully 
connected 

newFC fully connected 
10 fully 
connecte

d 
172 node_203 softmax  newProb softmax  
173 classificationlayer_node_203 crossentropyex  newOutput crossentropyex  

MobileNet-v2 
153 logits fully connected 

1000 fully 
connected 

newFC fully connected 
10 fully 
connecte

d 
154 logits_softmax softmax  newProb softmax  
155 classificationlayer_logits crossentropyex  newOutput crossentropyex  

 

Filter replacement and input channels limitation surrounds the 
core of SqueezeNet in reducing parameters with highest 
accuracy result. 

Structurally, SqueezeNet begins with a standalone 
convolution layer followed by 8 fire modules and end with a 
final convolution layer for a total depth of 68 layers. 
Max-pooling with a stride of 2 are applied at the end of first 
and final convolution, and fourth and eight fire modules. 
Purposively, the design of the architecture is to increase the 

number of filters per fire module from beginning to end. 
Compared to AlexNet, SqueezeNet can classify accurately 
with only 1.24 million parameters. 
7) ShuffleNet 

In 2018, [40] introduces ShuffleNet as an extremely 
efficient convolutional neural network for mobile devices. 
Shuffling of input image channels is the main method 
introduced in ShuffleNet. Compared to MobileNet 
architectures, ShuffleNet focuses on group convolution of 
image channels with point-wise group convolution than 
depth-wise group convolution. In this paper, this architecture 
is used to test its effectivity as base CNN model for 

unconstrained ear recognition despite that its main core is 
specifically designed for embedded devices. 
8) MobileNet-v2 

MobileNet is one of the recent (2018) CNN architecture 
developed by Sandler and others [38]. It is a light architecture 
that uses linear bottleneck depth-separable convolution with 
inverted residuals for image flattening in image classification 
tasks. Meaning, single convolution separately processes a 
color channels instead of three or more channels at once. The 

overall architecture of MobileNet is composed of 30 layers 
with stride 2 convolutional layers, depthwise layer, pointwise 
layer that doubles the number of channels, depthwise layer 
with stride 2, and another pointwise layer doubling the 
number of channels for a total depth of 155 layers. Although 
this architecture is designed to be used in embedded systems, 
its effectivity as base architecture for ear biometrics is tested 
and measured in this study. 
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D. Fine-Tuning of Pre-Trained CNN Architectures 

Subsection D discusses the final method used in the third 
step of the used framework of the study. Fine-tuning of the 
above-mentioned CNN models is the starting point of transfer 
learning or domain adaptive deep learning in this study. 
Earlier layers of each CNN architectures are used for feature 
extraction while the last 2-3 layers are for learning. To let 
each architecture, learn 10 classes of ears in unconstrained 
settings, the last 2-3 layers of each architectures are replaced 
with layers of the same kind but of different parameters. Table 
1 shows the summarized and structured details of the layers 
replaced in each architecture. Table 1 also include the 
parameters applied on each altered layers of used 
architectures. 

 Each architecture is trained and fine-tuned with the same 
configuration. Each model is architected to learn 10 classes of 
ears in an unconstrained environment with a weight rate and 
neuron bias rate of 20 on both the fully connected layers and 
softmax or activation to further accelerate the process of 

learning on new layers. Fully connected, softmax, and 
classification layers are replaced in each architecture except 
for SqueezeNet as it is designed to learn with only 
convolutional layers and a softmax being present [35]. 

IV. RESULTS AND DISCUSSION 

 
Figure 3. Training and Validation (a)Result and (b)Loss of used CNN Architectures. Series of black dots refer to 

validation line. 
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Training, Testing and Validation of the study are 
commenced in the third and last step of the framework. 80% 
of total unconstrained ear images of different persona are 
trained with each fine-tuned CNN architecture. The training 
of these images is commenced with a single GPU natively 
built on top of a 7th generation i7 processor with a memory 
size of 12GB. Fixed configuration of training is set with a 
minimum batch-size of 5 and maximum epoch or training 
times of 30. This setup yields to 120 iterations per epoch for a 

total of 3600 maximum iterations. Maximum iteration is the 
set stabilization level at which validation accuracy is seen 
stabilized in all CNN architectures. 0.00001 is the set initial 
learning rate to each CNN architecture training such that new 
layers might catch-up to the pace of learning of existing 
layers. Due to the effectivity of  

 
 
 

Table 2. Summary of Confusion Matrices, Training and Validation Results, and Consumed Training Time of used 
CNN Architectures 

CNN Architecture 
 15 ear image samples per person (P) Summation of P0 

to P9  
(% Accuracy) 

Total Training 
Time  
(min) 

P0 P1 P2 P3 P4 P5 P6 P7 P8 P9 

AlexNet 10.0 10.0 10.0 9.3 9.3 8.7 10.0 10.0 10.0 10.0 97.3 19.36 
GoogLeNet 10.0 10.0 9.3 8.7 10.0 8.7 10.0 8.7 9.3 8.7 93.3 97.43 
Inception-v3 10.0 10.0 10.0 8.7 9.3 9.3 10.0 9.3 10.0 10.0 96.7 269.7 

Inception-ResNet 10.0 10.0 9.3 9.3 8.0 9.3 10.0 8.7 10.0 10.0 94.7 1078.37 
ResNet-18 10.0 10.0 10.0 10.0 10.0 10.0 10.0 10.0 10.0 10.0 100.0 48.43 
ResNet-50 10.0 10.0 10.0 10.0 10.0 7.3 10.0 9.3 10.0 10.0 96.7 159.29 

SqueezeNet 8.7 9.3 8.0 9.3 7.3 8.7 9.3 10.0 8.7 8.0 87.3 40.28 
ShuffleNet 9.3 9.3 8.7 6.0 9.3 8.0 10.0 10.0 9.3 10.0 86.7 163.35 
MobileNet 10.0 8.7 8.7 3.3 8.0 8.0 9.3 8.7 9.3 7.3 81.3 155.37 

 

Table 3. Individual Test Results of each Unconstrained Ear Recognition Models 

AlexNet 

P6 
100.0% 

P0 
100.0% 

P0 
100.0% 

P5 
100.0% 

P1 
100.0% 

P2 
100.0% 

P8 
100.0% 

P1 
100.0% 

P5 
100.0% 

P4 
100.0% 

          

GoogLeNet 

P5 
100.0% 

P0 
100.0% 

P8 
100.0% 

P3 
86.9% 

P2 
91.2% 

P7 
100.0% 

P4 
92.8% 

P1 
99.9% 

P6 
100.0% 

P7 
100.0% 

          

Inception-v3 

P1 
99.9% 

P8 
99.1% 

P0 
98.8% 

P4 
99.5% 

P2 
77.9% 

P5 
99.9% 

P9 
84.6% 

P2 
77.6% 

P9 
86.5% 

P7 
98.4% 

          

Inception-ResNe
t 

P9 
48.8% 

P7 
98.7% 

P5 
99.9% 

P1 
99.7% 

P9 
90.5% 

P3 
99.0% 

P6 
96.1% 

P7 
98.4% 

P3 
92.9% 

P2 
98.0% 

          

ResNet-18 

P8 
100.0% 

P7 
100.0% 

P5 
100.0% 

P7 
99.9% 

P5 
100.0% 

P2 
99.2% 

P6 
99.7% 

P6 
99.9% 

P3 
93.5% 

P1 
96.8% 

          

ResNet-50 

P5 
100.0% 

P2 
100.0% 

P4 
73.5% 

P1 
24.8% 

P1 
100.0% 

P9 
100.0% 

P0 
100.0% 

P5 
97.0% 

P9 
98.4% 

P7 
95.0% 

          

SqueezeNet 

P4 
100.0% 

P0 
100.0% 

P9 
99.9% 

P1 
99.6% 

P6 
100.0% 

P3 
98.5% 

P5 
99.9% 

P6 
64.9% 

P9 
62.3% 

P3 
98.3% 

          

ShuffleNet 

P0 
99.8% 

P2 
99.5% 

P6 
98.7% 

P0 
100.0% 

P3 
56.3% 

P1 
99.2% 

P4 
32.7% 

P3 
92.4% 

P5 
51.6% 

P8 
65.6% 

          

MobileNet-v2 

P7 
26.8% 

P0 
52.7% 

P9 
45.7% 

P7 
99.9% 

P3 
52.2% 

P5 
44.4% 

P0 
56.3% 

P1 
58.3% 

P2 
80.5% 

P5 
81.13% 
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‘adam’ optimizer in achieving good results in most deep 

learning applications [44, 45], it is the chosen training 
function for the used CNN architectures in this study instead 
of using stochastic gradient descent momentum or SGDM. 
Shown in figure 3a are the training and validation results of 
used CNN architectures.  

AlexNet, GoogLeNet, and SqueezeNet shows fine and 
smooth training and validation curves compared to the results 
of other CNN architectures. This observation of results is 
reflected to the results of training and validation loss as shown 
in figure 3b. To further generalize the performance and result 
of each used architecture in terms of accuracy, above-95.0% 
accuracy confidence must be met at each architecture’s final 

validation result. This standard is adapted from the paper of 
[46]. However, only four of the used architectures achieved 
this standard namely AlexNet (97.3%), Inception-v3 (96.7), 
ResNet-18 (100.0%), and ResNet-50 (96.7). Recently 
developed CNN architectures and mobile architectures shows 
promising results despite of not achieving the 95% 
classification standard. AlexNet, GoogLeNet, and 
SqueezeNet shows smooth curve of training loss while 
ResNet-18 and ResNet-50 shows fine curve compared to the 
outcome of Inception-v3, Inception-ResNet, and recent CNN 
architectures. It is strongly believed that the occlusions 
included within the image area of unconstrained ears had 
contributed to these losses that degrade the performance of 
CNN architectures. Nevertheless, it is also believed that by 
increasing the maximum iteration instead of using the set 
3600 might enhance the performance of Inception-ResNet, 
SqueezeNet, ShuffleNet, and MobileNet as basis for ear 
recognition in the context of transfer learning. 

The remaining 20% of the dataset is used for testing. 
Shown in table 2 is the summarized result of the confusion 
matrices of each CNN architectures. Top 4 CNN architectures 
that achieved above 95.0% classification accuracy shows 
promising results in classifying ears with consideration of 
their training time. ResNet-18 had been trained for 48.43 
minutes to be able to fully recognize ears in unconstrained 
environment with an accuracy confidence of 100.0%. 
AlexNet is trained the fastest with an accuracy confidence of 
97.3%, while ResNet-50 (159.29 minutes), and Inception-v3 
(269.7 minutes) are trained longer due to the depth of their 
layers and achieved an accuracy confidence of 96.7% on final 
iteration. Training time of other CNN architectures are shown 
in table 2. Table 3 shows random test results of each CNN 
architectures with 10 samples each to further validate the 
results of used CNN architectures. 

Actual validation results shown in table 3 states that 
AlexNet, GoogLeNet, Inception-v3, ResNet, and ShuffleNet 
can classify ears in unconstrained environment. GoogLeNet, 
despite of achieving 93.3 accuracy confidence and finished 
training for ~98 minutes performed well on actual validation. 
Inception-ResNet-v2 and SqueezeNet shows promising 
classification results however is not able to classify ears 
correctly. MobileNet-v2 appears to have difficulty in 
performing learning and classification tasks like ear 
recognition making it yields below 95% accuracy confidence 
and misclassifications, however, is believed that might be 
used if trained with longer maximum iterations. 

Overall, results above states that network structures of 
AlexNet, ResNets, Inception-v3, and ShuffleNet architectures 
are best to be used as basis in unconstrained ear recognition 
and/or biometrics. GoogLeNet posed above promising results 
and might be used as modeling CNN for the defined task. 

V. CONCLUSION AND FUTURE SCOPE 

This paper explores the concept of domain adaptive deep 
learning or transfer learning in unconstrained ear biometric 
recognition through computer vision and transfer learning 
using 9 handpicked CNN models: AlexNet, GoogLeNet, 
Inception-v3, Inception-ResNet, ResNet-18, ResNet-50, 
SqueezeNet, ShuffleNet, and MobileNet-v2. Each layers of 
CNN architectures are analyzed structurally such that context 
of transfer learning will be used in the forms of feature 
extraction and fine-tuning. 80% of acquired ear images from 
the web is used as training data while the remaining 20% is 
used for testing and validation. Performance results of each 
generated unconstrained ear recognition models are 
compared in context of their training time, learned features 
and losses, and accuracy confidence in recognizing ear 
images in the wild. It is identified that ResNet-18, AlexNet, 
Inception-v3, GoogLeNet, and ShuffleNet are the best CNN 
models for an unconstrained ear biometric recognition in 
context of domain adaptive deep learning or transfer learning. 

For future studies, further exploration of other CNN 
architectures developed later than MobileNet-v2 and/or 
handcrafted CNN architectures for ear recognition should be 
performed under a standard training configuration. Also, 
adaptation of the methods used in this study to other biometric 
studies should be attempted to provide better benchmarking 
and references towards the development of different advances 
in biometric engineering to the context of deep learning. 
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