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1. Introduction

Kinship verification has various applications in daily life, including inheritance of assets,
finding long-lost relatives, and resident analysis. With the advantages of modern medicine,
kinship verification has become amazingly accurate, and most methods are based on human
DNA structure. However, these methods involve numerous steps and complex procedures that
are time-consuming and unsuitable for real-time applications. In certain critical cases, prolonged
delays in determining kinship can have significant negative consequences. In forensic
investigations, untimely identification of familial relationships could impede the progress of
criminal cases, delaying justice. Moreover, in medical scenarios, the inability to establish
biological relationships could prevent timely medical interventions, such as organ transplants or
treating hereditary conditions. To speed up kinship verification progress, researchers leverage the
advantages of computer vision. They apply images of biometric traits, such as face, iris, and
fingerprint, to identify kinship between two people. For instance, Yan and Song (2020) presented
a relational network based on CNN for kinship identification using facial images. Guo and Wang
(2012) deployed the DAISY method to extract essential information from facial images to
support Kinship prediction.

However, in practice, the mentioned biometric traits are inappropriate for kinship
verification. Faces can age through time, which causes the loss of several crucial Kinship
characteristics. Fingerprints and iris do not carry much kinship information. Consequently,
researchers have started to search for other potential biometric traits. In recent years, the human
ear, particularly the shape of the helix, has been proven to have uniqueness comparable to other
biometric traits (Emersic et al., 2017; Jain et al., 2006). As a result, ear biometrics has gained the
attention of various researchers and has been applied to tackle several computer vision tasks,
such as recognition, classification, detection, and verification. Alshazly et al. (2020) deployed
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several standard CNN models for ear recognition, and the experimental results show that
ResNeXt outperformed other models with an accuracy of 93.45% (Alshazly et al., 2020).
Nguyen and Hoang (2021a) introduced a modern ear detection pipeline based on the YOLO
detector and RetinaFace to support ear-related tasks.

Moreover, Dvorsak et al. (2022) introduced a kinship verification system based on
human ear images, demonstrating that deep learning models can effectively extract valuable
kinship-related information from ear images. Inspired by previous research, we propose a robust
kinship verification system using human ear images. Our system is built on the foundation of the
Siamese network architecture and advanced deep learning models, enabling precise verification
of the relationship between two input images. Furthermore, our system is trained to address the
binary classification problem (kinship-related or non-related) and tackle a more extended multi-
class classification task. This allows for accurately identifying specific relationships between the
two input ear images, such as father-son, mother-son, and brother-sister.

The contribution of our work can be summarized as follows:

e Analyzed and evaluated the performance of several CNN-based and Transformer-
based models to find the most optimized method for kinship verification tasks.

e The experimental results proved that human ear features have promising potential for
computer vision tasks.

e Presented a new dataset of unconstrained ear images labeled for Kkinship
verification tasks.

2. Theoretical basis
2.1. Kinship verification

Kinship verification is a common problem that has existed for a long time. A kinship
verification system takes the inputs of two individuals. These inputs are usually the
characteristic traits of two people, such as DNA, face, and fingerprint. After analyzing and
extracting essential features of these inputs, the system predicts whether these two people are
blood-related or non-related.

Before the development of artificial intelligence and machine learning, most kinship
verification methods are based on genetic techniques, including DNA analysis and DNA
sequencing. Until 2010, when machine learning began to flourish and be widely applied across
various fields, the approach of kinship verification through machine learning gained the
attention of many researchers. Remarkably, researchers have started to explore Kinship
information in the shapes of human biometric traits, such as face, fingerprint, iris, and ear,
rather than just analyzing human DNA patterns. This shift expanded the kinship verification
task from the genetic field to the realm of computer vision. At first, the face was the most
popular biometric trait (Mzoughi et al., 2024), and the proposed methods then were mainly
based on handcrafted algorithms. For example, Chergui et al. (2020) deployed several
handcrafted features, such as LBP, SIFT, LTP, and LPQ, combined with Pyramid Multilevel to
extract the kinship information from face images and predict the blood relationship between
two representation vectors (Chergui et al., 2018; Chergui et al., 2020). Bessaoudi et al. (2020)
combine handcrafted features with several deep-learning models to improve the performance
of their kinship verification system via face images. Lots of comparative studies of kinship
verification via face images were proposed, providing statistics and analysis of several
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preceding kinship verification methods, including handcrafted algorithms and deep learning
methods (Mzoughi et al., 2024; Wang et al., 2022). The datasets applied in these works include
Cornell KinFace, UB KinFace, KinFaceW-I, and KinFaceW-II.

However, handcrafted methods became obsolete and inappropriate for real-time
applications. Therefore, researchers proposed using deep learning methods instead, specifically
CNN-based models. Dahan and Keller (2020) created a kinship verification model based on
Sphereface and features fusion, and the authors proved that the proposed model not only can
verify the kinship between two people but also can identify which relationship between them
with an accuracy of 79.6%, higher than other methods in the past. Nandy and Mondal (2019)
proposed using Siamese network architecture for kinship verification via face images;
SqueezeNet is applied as the backbone model to extract features from input images; the authors
also utilized the trained weight of VGGFace2 model to improve the training performance of the
proposed model, experimental result show that the proposed method scored 67.66% of Cosine
Similarity evaluation.

Transformer is also a potential approach for kinship verification. For example, Li and
Jiang (2023) present GLANet based on Vision Transformer (ViT) with an accuracy of 79.6% on
the FIW dataset. Zhu et al. (2022) modified the original ViT to be suitable for face kinship
verification. However, the variety of Transformer-based methods for kinship verification is poor.

In our observation, most proposed kinship verification methods are based on the Siamese
network. This architecture has been proven to be a robust template for all verification tasks,
including kinship verification. Therefore, we also leverage the advantages of the Siamese
network in our proposed method.

2.2. Ear biometric

The human ear has been long recognized as one of the unique characteristic features of
the human body. In 1963, the first ear identification system was created by Manuel (1963). This
system has proved the uniqueness of the shape of the human ear, comparable to other biometric
traits, such as face fingerprints. After that, researchers successfully analyzed and showed that the
helix, anti-helix, and other parts of the ear have formed several curves that create the
discriminate shape of the human ear (Jain et al., 2006). Moreover, the shape of the left ear and
right ear of the same person are also different from each other.

On the other hand, biometric traits, such as face, are noticeably aged through time, which
causes heavy changes to facial features and kinship information. The ear’s shape also suffers
from aging but is less and slower. Ear images are easier to collect for training models.

Due to the potential of ear biometrics, many researchers have applied ear to tackle
several computer vision tasks. Hassaballah et al. (2018) used an LBP descriptor to extract
essential features from ear images for recognition. Emersic et al. (2018) presented an end-to-
end ear recognition system based on CNN. For gender classification, Nguyen and Hoang
(2020) analyzed and compared various methods, including handcrafted algorithms and deep
learning models for gender classification via ear images on the EarVNL1.0 dataset. For
detection, Wahab et al. (2012) proposed HEARD, an automatic ear detection technique.
Nguyen and Hoang (2021b) introduce an ear detection pipeline based on YOLOV5 (the latest
version of YOLO in 2021); the proposed method can also classify the left ear and right ear
(Nguyen & Hoang, 2021b).
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Additionally, ear biometrics have the potential to be integrated with other biometric traits to
enhance performance in solving more complex problems. This multimodal approach could
leverage the strengths of various biometric features, such as facial recognition, fingerprints, or iris
scans, to increase accuracy and robustness, particularly in scenarios where a single biometric
modality may not be sufficient. Li et al. (2020) combined images of hands and ears to detect driver
distraction. This approach highlights the potential of using multiple biometric inputs to enhance the
accuracy and reliability of detecting driver distraction, improving road safety, and preventing
accidents caused by inattentiveness. Ma et al. (2020) combined facial and ear images to enhance
the accuracy of recognition models. This multimodal strategy demonstrates the effectiveness of
combining different biometric traits and the potential of ear images in computer vision tasks.

Inspired by these significant works, we proposed using ear images for Kkinship
verification to show that ear biometrics also carry each individual’s useful kinship information.

2.3. Kinship verification via ear images

To our knowledge, ear biometrics had not been commonly applied in Kinship verification.
Dvorsak et al. (2022) propose the most recent ear-based work. In their work, the authors used
Siamese architecture to verify the kinship of a pair of ear images. The backbones used in their
works consisted of VGG16, ResNetl52, USTC-NELSLIP (ResNet50 variant), Attentional
Feature Fusion (AFF) and Contextual Transformer Network (CoTNet) (Dvorsak et al., 2022).
After evaluating the proposed method on the KinEar dataset, the VGG16 model gave the best
performance with an accuracy of 64.01%. The author believes this result is auspicious, and the
proposed method can be improved further due to the potential of ear biometrics. This work is the
basis for our proposed method. However, our proposed method can achieve higher performance
with several crucial modifications.

3. Methodology
3.1. Proposed architecture

In this paper, we proposed using Siamese network architecture for kinship verification. A
basic Siamese network consists of two neural networks that work simultaneously. Each network
takes the input data to extract the feature vector, and the resulting vectors are then combined and
fed to a fully connected network for classification. It is important to note that these networks
share the same weights and biases. Figure 1 illustrates the proposed kinship verification system.

Figure 1
An Illustration of Proposed Kinship Verification System
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At first, the input images are preprocessed, such as resizing images to 224 x 224 x 3 for
training deep learning models. Image augmentation is also applied to increase the variety and
complexity of the dataset and avoid overfitting. We utilize the functionality from the Torchvision
library and use random zoom, random translation by a factor of 0.1, random rotation, random
horizontal flip, and random adjust sharpness by a factor of 2. Moreover, these augmentation
techniques also help us solve Transformer models’ data starvation, such as ViT.

After that, the input images are fed to our proposed architecture. The experimental
backbones consisted of VGG, ResNet, DenseNet, and ViT to extract feature vectors. In our
Siamese architecture, output vectors of both CNN models are combined and provided to two
fully connected layers to predict the kinship relationship of the input pair of ear images. We add
a batch normalization layer between these fully connected layers to avoid overfitting. The
process of the proposed kinship verification system is formulated as follows:

x'y = f(x1) (1)
x'y = f(x2) ()
y= FCZ(BN(FQ(xi + xé))) 3)

Where x; and x, are the input images, x'; va x', are the extracted feature vectors, f is a
deep learning model, FC; and FC, are fully connected layers, BN is the batch normalization
layer, y is the prediction of the system.

3.2. Deep learning backbones

VGG is first introduced by Simonyan and Zisserman (2014). The improved version of
the preceding AlexNet with more convolutional layers gives the model more information about
the input image. VGG won ImageNet in 2014 with an accuracy of 92.7%. Its architecture
utilized the advantages of the ReLU activation function and dropout techniques to avoid
overfitting and vanishing gradients. VGG16 and VGG19 are the most common versions of VGG,
where the numbers stand for the number of layers of each model.

ResNet, proposed by He et al. (2016), stands for Residual Network. The authors’ first idea
is to create a model as deep as possible since the more profound the model is, the more information
the model can theoretically extract from the input data. However, deep models may cause
vanishing gradients in practice, leading to lousy training performance. To tackle this limitation, the
authors proposed a residual block with a skip connection. The input data is reutilized and
combined with the extracted data across the model to keep the crucial information of the input
image and avoid vanishing gradient throughout the training process. Moreover, ResNet introduced
several optimizing techniques, such as batch normalization and bottleneck block.

DenseNet is a CNN model that ResNet inspires. DenseNet, a Densely Connected
Convolutional Network, is first presented by Huang et al. (2017). DenseNet consists of multiple
dense blocks. Each block reuses the input data and combines all features of the previous block in
the model. However, this work requires lots of computations. Therefore, the authors add several
1 x 1 convolutional layers to reduce the size of the processing data. Hence, DenseNet can be
optimally deeper than ResNet. The most profound version of ResNet has 152 layers, but
DenseNet has 169-layer and 201-layer versions.

VIT is a deep-learning model for image classification based on Transformer (Dosovitskiy
et al., 2020). VIiT is proposed by Dosovitskiy et al. (2020). The Transformer is designed for
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natural language processing and contains an encoder and a decoder. At first, Transformer
showed an outstanding performance that outperformed the NLP algorithms in text classification,
sentiment analysis, and machine translation. Therefore, Dosovitskiy et al. (2020) modified the
Transformer to suit computer vision tasks while maintaining the original architecture’s
robustness. The most crucial part of VIiT is patch embedding, where the model divides the input
image into patches (smaller images from the original one); each patch has the exact size of
16 x 16. These patches are then flattened into vectors (input sequence) to meet the requirements
of the Transformer, as the original Transformer works with sequence data. After that, the input
sequence is assigned several important information, such as the position of each patch (positional
embedding) and a [CLS] token to extract the model classification information. ViT architecture
is mainly based on BERT, specifically the encoder of the original Transformer. After several
Transformer blocks, including Multihead Self-Attention, Layer Normalization, and Multi-layer
Perceptron (a simple, fully connected network), ViT extracts the local feature of each patch and
produces an output sequence. The authors only extracted [CLS] tokens for prediction in the
output sequence. ViT is a new step in the field of computer vision. Nowadays, most computer
vision tasks are applied or inspired by VIiT. However, because the nature of VIiT is a
Transformer, for the model to operate as optimally as possible, researchers need to train the
model with a lot of data.

3.3. Experimental dataset

In this paper, we utilized three ear image sets, including KinEar, EarVN1.0, and our self-
collected dataset, which we temporarily named KinEarVN. EarVN1.0 is an ear dataset of
Vietnamese celebrities with 28,412 images annotated for identification and gender classification
(Hoang, 2019). We applied EarVN1.0 to pre-train the backbone models with gender
classification tasks. We aim to get these models used to the shape of the human ear, and then we
take the trained weight to initialize the training kinship verification task. Figure 2 illustrates
several samples of the EarVN1.0 dataset.

Figure 2

An Illustration of several Samples of EarVN1.0 Dataset
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Source. The researcher’s data analysis

KinEar and KinEarVN are used to train and evaluate the performance of the proposed
kinship verification system. KinEar is a human ear image set that is annotated for kinship
information. KinEar is first introduced in the work of Dvorsak et al. (2022). This dataset
contains 1,477 images of 19 families. The number of available pairs of images is 44,627 pairs,
such as father-son, father-daughter, mother-son, mother-daughter, brother-brother, brother-
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sister, sister-sister, and father-mother (non-related). Therefore, the number of classes is 08,
according to the above relationships. We divided these pairs into three subsets: the train set
contains 60% of the dataset (26,783 pairs), the validation set includes 10% of the dataset
(4,460 pairs), and the test set contains 30% of the dataset (13,384 pairs). Figure 3 illustrates
several samples of the KinEar dataset.

Figure 3
An Illustration of several Samples of KinEar Dataset
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Source. The researcher’s data analysis

We noticed that the number of pairs in the KinEar dataset is tiny, which is not the best
circumstance for deep learning models, especially Transformer. Therefore, we collect and
annotate a larger ear image set from open sources and social media. Our dataset contains 4,876
images of 156 families. The number of available pairs of ears is 85,423 pairs, with 08 classes
similar to the KinEar dataset. We divided these pairs into three subsets: the train set contains
60% of the dataset (51,263 pairs), the validation set includes 10% of the dataset (8,538 pairs),
and the test set contains 30% of the dataset (25,622 pairs). Figure 4 illustrates several samples of
the KinEarVN dataset.

Figure 4
An Illustration of several Samples of the KinEarVN Dataset

Note. a) Father-son b) Mother-son c) Brother-brother d) Brother-sister
e) Father-daughter f) Mother-daughter g) Sister-sister h) Father-mother
Source. The researcher’s data analysis
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4, Results and discussion
4.1. Results

In the experiment, we train each proposed model by 40 epochs. We deploy the Adam
optimizer with a learning rate 0.0001, and the loss function is Cross-Entropy (CE). These
hyperparameters are considered after several experiments. For the number of epochs, we first
initialize by 100 epochs, but we soon recognize that the performance of the deep learning models
does not increase much after 40 epochs. Therefore, we reduce the number of training epochs to
save more time. All experiments are deployed on a computer with 256GB RAM and Nvidia
RTX A5000 24GB GPU. Table 1 shows experimental results on the KinEar dataset and
KinEarVN dataset.

Table 1

Experimental Results on KinEar Dataset and KinEarVN Dataset (%)

Models | KinEar ' KinEarVN
Train Test Train Test
VGG16 84.79 84.99 75.05 74.39
ResNet50 98.86 98.08 90.03 89.38
ResNet152 98.57 98.17 91.66 91.36
DenseNet121 99.28 98.89 89.70 88.40
DenseNet169 99.43 98.76 95.03 94.19
ViT-b-16 93.50 93.48 81.17 80.85
ViT-b-32 87.93 87.82 75.60 75.79

Source. Data analysis result of the research
4.2. Discussion

Due to the pre-trained weights on EarVNL1.0, the experimental results are enhanced by
10% to 20% of accuracy. These results prove the importance and benefit of a large amount of
training data and transfer learning techniques. Our observation shows that DenseNet models
perform best (Table 1). Specifically, on the KinEar dataset, DenseNet121 achieves an accuracy
of 98.89% on the test set. On the KinEarVN dataset, we obtain the highest accuracy from the
DenseNet169 model on the test set. ViT models are expected to outperform the others but can
only achieve 93.48% accuracy on KinEar and 80.85% on KinEarVN, which is lower than the
performance of DenseNet models. To our knowledge, this ineffective result is partly because of
the lack of training data. This problem is shown in the performance of the ViT-b-32 model,
which has a more profound architecture but lower accuracy than the ViT-b-16 model. For the
VGG16, this model performed the best in the previous work of Dvorsak et al. (2022), but with
our proposed architecture, this model has the lowest accuracy. The reason is mainly because the
complexity of the kinship verification system has extended from binary to multi-class
classification tasks.

In conclusion, we believe that DenseNet is the most optimized backbone for our kinship
verification system. On the other hand, the accuracy of the ResNet model is not as high as the
DenseNet model. Still, it has fewer parameters, so the computational cost is lower and more
suitable for real-time applications.
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5. Conclusions & recommendations

Kinship verification is an essential problem in many aspects of life. Especially in the
digital transformation process, fast kinship verification via images is highly urgent and
understandable. Therefore, we proposed a kinship verification system based on Siamese
architecture and deep learning models. We evaluate several well-known backbones to achieve
the most optimized model that can combine with our system and give the best performance.
After several experiments, we choose DenseNet with the highest accuracy of 98.89% on the
benchmark KinEar and 94.19% on our larger KinEarVN dataset. Our work has proved that
human ears not only contain information about gender and identity, comparable to other
biometric traits, but also carry valuable information about blood relations between people. This
is one of the most critical contributions affecting not only the field of computer science but
also the fields of biology and genetics. We plan to integrate additional functions, such as ear
detectors and ear identifiers, into the system pipeline to create a complete application and
deploy it in practice.
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