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ABSTRACT

This article focuses on human ear identification technology. A recognition algorithm based on
Pseudo Labeling semi supervised learning is proposed to address the problem of insufficient ear
image annotation data. This algorithm can effectively utilize unlabeled data to reinforce model
training, significantly improving the detection performance of small targets and tail classes. Based
on the experimental results of the baseline model, this paper ultimately chooses the Faster R-CNN
model and combines it with the Feature Pyramid Network (FPN) to generate feature vectors using
Global Average Pooling (GAP), thus achieving an end-to-end human ear identity recognition
process. The innovation of this article lies in the improvement of the MeanTeacher algorithm process,
while introducing two data augmentation techniques: pixel level mixed pseudo label Mixup and
image stitching pseudo label Mosaic. Among them, Mixup reduces the negative impact of missed
targets, while Mosaic further enhances the model’s recognition ability for small targets by increasing
the number of labels for small-scale targets. These two techniques work together with the improved
algorithm flow to enhance the performance of deep convolutional neural networks in semi supervised
object detection tasks. All experiments were conducted on high-performance servers. By comparing
the baselines of different models, this article selects Faster R-CNN as the best model and makes
targeted improve- ments and optimizations to it. Although the generalization ability and robustness
of the model still need further improvement, this study has opened up a new path for the ear
recognition technology, which has guiding significance for future algorithm improvement and
application expansion.
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1. INTRODUCTION

Deep learning is a core branch of machine learning. It has achieved remarkable breakthroughs in
fields such as natural language processing, object detection, image classification, and instance
segmentation. In particular, it has promoted the innovation of individual identification technologies
in the field of biometric recognition [1]. Human ear identification is an emerging biometric means. It
has strong specificity and stable morphology. These biological characteristics endow it with great
potential and value in individual identification. In industries such as security monitoring, intelligent
access control, medical health, payment systems, identity verification, smart wearables, sports events,
and animal identification, human ear identification plays an indispensable role. Compared with
traditional biometric recognition technologies, human ear identification has obvious advantages in
aspects such as recognition accuracy, anti-interference, and privacy protection. Especially in terms of
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privacy protection, human ear identification reduces the dependence on personal facial information
and helps to improve the level of privacy protection in specific scenarios.

Object detection occupies an important position in the field of computer vision and is widely used in
many key fields such as security monitoring, autonomous driving, and industrial inspection [2]. Its
aim is to accurately identify specific targets in images or videos and locate them. However, this field
is facing severe challenges. In particular, it is extremely difficult to obtain high-quality labeled data.
The labeling process is not only time-consuming and labor-intensive but also costly, which has
become a bottleneck restricting the development of object detection technologies. Although deep
learning has greatly improved the performance of object detection, most of the existing algorithms
rely on a large amount of labeled data, and their efficiency and practicability are limited in practical
applications. Against this background, semi-supervised learning emerged as the times require. It only
needs to combine a small amount of labeled data with a large amount of unlabeled data for learning.
The importance of semi-supervised learning in object detection is manifested in many aspects. It can
significantly improve the performance of the model and reduce costs. By deeply mining the internal
structure and distribution characteristics of unlabeled data, it enhances the generalization ability and
robustness of the model, making the model perform more stably when facing complex and changeable
real environments, and providing new directions and possibilities for the further development of
object detection technologies. Based on this, this paper conducts an in-depth study on an innovative
human ear identification algorithm based on pseudo-labeling semi-supervised learning, aiming to
overcome the problem of the scarcity of labeled ear image data and open up a new path for object
detection technologies in the field of human ear identification.

2. RESEARCH REVIEW

During the evolution of biometric recognition technologies, human ear recognition has gradually
come to the fore with its unique advantages. Meanwhile, semi-supervised learning strategies also play
a key role in data-driven technological innovations. The following will systematically review the
relevant research achievements of the development of human ear recognition technologies at home
and abroad as well as semi-supervised learning, and analyze their contexts and trends.

In the early stage, foreign research on human ear recognition took the lead. The Bertillon team in
France embarked on the exploration of the structural features of the human ear at the end of the 19th
century, initially exploring its potential for individual identification and laying the ideological
foundation for subsequent research. lannarelli in the United States established the twelve-point
measurement method for the human ear in the middle of the 20th century. Although the manual
operation was cumbersome and subjective, it introduced the idea of quantification and constructed an
early systematic framework. From the end of the 20th century to the beginning of the 21st century,
the leap in computer computing power and machine learning theories promoted the development of
human ear recognition. Moreno et al. pioneered the introduction of neural network algorithms, and
multiple classifiers cooperated to focus on the multiple features of the ear, breaking through the
limitations of handcrafted features. The Victor team exploited the local feature mapping space by
using the Principal Component Analysis (PCA) theory to improve the recognition efficiency and
accuracy. The D. Shailaja team combined Kernel Principal Component Analysis (KPCA) and Support
Vector Machine (SVM) to enhance the discrimination ability of complex features. Multiple methods
promoted the technology towards practical application. In the era of deep learning, foreign teams built
deep networks with the help of Convolutional Neural Network (CNN), innovated network
architectures to optimize feature extraction, and adopted strategies such as adversarial training,
Generative Adversarial Network (GAN), and attention mechanisms to overcome the problems of pose,
illumination, and occlusion. Semi-supervised learning mined the value of unlabeled data. Giants like
Google and Microsoft participated in constructing large-scale datasets, promoting the
industrialization and large-scale development of foreign human ear recognition.



In the initial stage of domestic research, taking advantage of the opportunities of academic exchanges
and resource sharing, China quickly caught up with the international pace. The Wang Zhongli team
optimized the feature matrix with the weighted clustering algorithm to reduce errors and improve
accuracy, and applied it to security monitoring. The Mu Zhichun team constructed vectors based on
the long-axis features and implemented it in attendance punching. With the rise of scientific research
strength, innovative achievements have emerged frequently. The Wang Kai team innovated from the
perspective of the outer ear edge method, inspiring illumination compensation. The Li Kunming team
used the Locally Linear Embedding algorithm (LLEa) to reduce the maintenance topology and
empower the recognition of complex postures. The Wang Jianguo team integrated multiple
technologies to refine the classifier to deal with noisy images. Currently, there is in-depth cooperation
among industry, academia, and research. Universities and enterprises join hands to optimize
algorithms, embed prior knowledge, and design lightweight models to meet the needs of mobile
terminals, expanding applications to fields such as mobile payment and smart elderly care. Companies
like IFLYTEK and Hikvision have promoted the international competition of domestic technologies
and occupied an important position.

Semi-supervised learning plays a crucial role in multiple fields. In the medical imaging field, it is
extremely difficult to label a vast number of images. Semi-supervised models combine limited labeled
and vast amounts of unlabeled images, mine the feature patterns of lung images to assist in diagnosis.
The cooperation between Google DeepMind promotes the upgrading of intelligent diagnosis, and the
mining of electronic medical records helps with the management of chronic diseases and hierarchical
diagnosis and treatment. In the financial risk control field, traditional credit auditing is inefficient.
Semi-supervised learning integrates a small amount of labeled credit data and multi-source unlabeled
data, analyzes capital and consumption patterns to warn of defaults, optimize approvals, and monitor
market fluctuations. In the computer vision category, the labeling of autonomous driving and security
monitoring is time-consuming and labor-intensive. Semi-supervised methods use a small number of
labeled images to assist in vehicle recognition and mine video patterns to strengthen security,
reshaping the industry pattern, demonstrating its cross-field value and innovation-driven potential,
and opening new paths for data utilization and technological innovation.

3. RELATED TECHNOLOGIES AND THEORETICAL FOUNDATIONS
3.1. Definition and Core Connotation of Semi Supervised Learning

Semi-supervised learning integrates the advantages of the precise guidance of supervised learning
and the autonomous exploration of unsupervised learning [3]. It drives the model to learn with a small
number of labeled samples (usually accounting for 1% - 10%) and a large number of unlabeled
samples, and constructs a model with strong generalization ability based on the assumption of the
internal coherence of data distribution. Its theoretical assumption foundations are as follows:

Smoothness assumption: Samples that are close to each other are highly likely to have the same label
[4]. Adjacent or similar data points in the feature space (measured by Euclidean distance or cosine
similarity) potentially have the same label. In image recognition, locally similar pixel points usually
correspond to the same object category. With this, the model can expand its cognition from the labeled
area to the unlabeled area and improve the classification accuracy.

Clustering assumption: Data naturally forms clusters [5]. Data within the same cluster belong to the
same category and the boundaries between clusters are clear. With a small number of labeled samples
as "anchors", semi-supervised learning can accurately determine the cluster category to which the
unlabeled data belongs. For example, in text classification, clustering documents according to topics
can optimize the classification scope and accuracy.

Manifold assumption: High-dimensional data is distributed on a low-dimensional manifold. The
model mines the low-dimensional distribution rules of unlabeled data to associate with labeled data,
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restores the high-dimensional classification logic from the low-dimensional one, improves the
refinement level of tasks like face image recognition, and strengthens the model's ability to grasp the
characteristics of complex data.

3.1.1. Multi - Head Attention

The multi-head attention mechanism is one of the core components of the Transformer. It can
simultaneously focus on different representation subspaces of the input sequence, thus capturing
richer and more comprehensive feature information [6]. When processing ear image data, the multi-
head attention mechanism enables the model to analyze the relationships among image features from
multiple perspectives.

Specifically, for the input feature sequence X € Rn >d model (where n is the sequence length and
dmodel is the feature dimension), the multi-head attention first projects it through linear mappings
into multiple low-dimensional subspaces to obtain the Query, Key, and Value matrices of h heads.
Let wiQ, wik, wiv be the corresponding weight matrices with dimensions wiQ, wik, wiv € Rd
model>dk, and satisfy dmodel = h ><dk, The calculation is as follows:

Q =xw?’
K; =Xwf 1)
v, =xwY

Then, for each head i, calculate the attention distribution. Let Qi, ki, vi be the query, key, and value
moments corresponding to head i

The formula for calculating the attention distribution Attention (Qi, ki, vi) is:

gT
Attention(Q;, K;,V;) = softmax((j/‘;)lli 2
k

Finally, concatenate the outputs of each head and obtain the final output through linear mapping again.
Assuming Wo is the concatenated linear mapping weight matrix with dimensions Wo € Rhdk>d
model, the final output MultiHeadAttention (x) of the multi head attention mechanism is calculated
as follows:

MultiHeadAttention(X) = Concat(Attention(Qq,Ky,V,), -, Attention(Qp, K, Vy))W? (3)

Through the multi head attention mechanism, the model can simultaneously focus on feature
information from different locations and learn complex dependency relationships between features in
different representation subspaces. This is of great significance for capturing key features such as ear
structure and texture in ear recognition tasks

3.1.2. Positional Encoding

In the Transformer architecture, due to its own structural characteristics, the perception ability of
input sequence position information is weak. Therefore, position encoding becomes a key element
for explicitly injecting position information into the model.

For the given position pos and dimension i, the position code PE is generated according to the
following formula:



. pos
PEpos,Zi = sin (—21)

10000%04e1 (4)
PEpos,2i+1 = Cos (Lszz)
10000%0del
Among them, i=0,1, - - 5 | == |, dmodel represents the dimension of the model.

3.1.3. Feed - Forward Network

In the Transformer architecture, the feedforward neural network (FFN) plays a role after the multi
head attention mechanism, further enhancing the model's ability to process and express features.

For the input feature vector x € Rdmodel, FFN the FFN architecture consists of two linear layers
and an activation function (usually ReLU). Assuming the weight matrix of the first layer linear
transformation is W1 € Rdmodel>dff, and the bias vectorisb 1 € Rdff; The weight matrix of the
second layer linear transformation is W2 € Rdff >xdmodel, and the bias vector is b2 € Rdmodel,
where dff represents the hidden layer dimension of the feedforward neural network. The calculation
process is shown in the following equation:

FFN(x) = max(0,xW;+ b)W, + b, (5)
3.1.4. Layer Normalization

To optimize the training process of Transformer models and improve stability, layer normalization
techniques are indispensable. It normalizes all neurons within each layer for each sample.

For the input feature vector X, let its mean be p, variance be o 2, learnable scaling parameter be Y,
translation parameter be B, and introduce a small constant € (usually taking values of 10 =5 or 10
—6 etc.) to prevent numerical instability. The calculation formula for layer normalization is as follows:

IN(x) =yOm=+8 (6)

Among them, © represents element level multiplication.
3.1.5. Global average pooling

Global average pooling is a special pooling technique in deep convolutional neural networks, used to
calculate the global average of the feature maps output by convolutional layers. This operation
directly takes the average of the pixels in the spatial dimension (height and width) of the entire feature
map, obtaining a single value to characterize the overall features of the feature map.

Let the input feature map be F € RH XW >C, and after global average pooling, the output vector y
€ RC is obtained, where for each channel ¢, y, = HiWZf’z‘ol Yo i F, j . Here yc represents the

c element of the output vector, and Fi, j, ¢ represent the values of the c-th channel of the input feature
map at position (i, j).

3.1.6. Learning rate optimizer Adam

Adam (Adaptive Moment Estimation) is a gradient based optimization algorithm. It combines the
advantages of RMSProp (Root Mean Square Propagation) and momentum algorithm, and can achieve
adaptive adjustment of learning rate [7]. The Adam algorithm, with its excellent convergence and
stability, can quickly obtain high-quality optimization results. In practice, the Adam algorithm has
shown excellent performance in various tasks and has significant advantages compared to other
stochastic optimization methods.



3.1.7. Cosine Annealing

Cosine Annealing is a learning rate scheduling method that simulates the physical annealing process
and adjusts the learning rate according to the cosine curve law, achieving a balance between
convergence speed and model accuracy during the training process of deep convolutional neural
networks. In practical applications, it can effectively improve training efficiency and model
performance. Cosine annealing adjusts the learning rate according to the cosine curve based on the
training period (such as the number of iterations or epochs, which is used as the training period in this
article), so that it maintains a high value in the early stages of training, gradually decreases to a lower
value as training progresses, and then rises slightly in the later stages of training, forming a
"fluctuating decline™ pattern. Allow the model to converge quickly in the early stages of training, then
refine the model parameters at a lower learning rate, and finally use a slight increase in learning rate
to try to escape from local optima and find better solutions.

The formula for updating the cosine annealing learning rate is as follows:

1 t
N = Nmin + 2 (Mmax — Mmin) (1 + COS(; T)) (7)

Among them, nt the learning rate in the current training cycle (such as the t-th iteration); nmin and
nmax are the minimum learning rate and initial maximum learning rate, respectively; T is the total
number of training cycles; T is the current training cycle.

3.2. Overview of Pseudo Labeling Technology

The core principle of pseudo labeling technology, as a commonly used semi supervised learning
strategy, is shown in the figure 1. This technology mainly uses pre trained models on unlabeled data
to generate "pseudo labels”, and then uses these pseudo labeled data as new training samples to
participate in the subsequent iterative training of the model together with labeled data. The purpose
of pseudo labeling technology is to fully utilize the potential information contained in a large amount
of unlabeled data, effectively expand the learning space of the model, and thereby improve the
generalization ability of the model in the case of limited labeled samples. In addition, when the
number of labeled data is limited, the model is prone to overfitting. Introducing pseudo labeled data
can increase the diversity of model training, enabling the model to adapt to more unlabeled samples
that have not been seen before while maintaining a good fit to labeled data, thereby alleviating
1 Madeal M Unlabeled Data

overfitting problems.

Modal M’

Figure 1. Pseudo marking technology flowchart



4. DATA PROCESSING AND DATASET CONSTRUCTION
4.1. Data Preprocessing and Enhancement

The self built dataset lacks ear annotation information, which does not meet the experimental
requirements. We selected the Coco format dataset for processing and manually screened out errors,
duplicates, and difficult to recognize images, resulting in a set of 33591 ear images with various sizes
and ear proportions. According to the script, it is divided into "labeled training set" (455 images),
"unlabeled training set” (30270 images), and "labeled validation set" (2866 images), with labeled
training samples accounting for approximately 1%. Continuing to use Labellmg (an open-source
image annotation tool developed in Python and a GUI built in Qt, which is easy to use but does not
directly export to COCO format) for annotation, the annotation is saved as a PASCAL VOC format
XML file. As it is widely used in ImageNet and other fields, it facilitates literature review and format
conversion.

4.2. Acquisition and Characterisation of the Human Ear Dataset

The value of data science largely depends on the acquisition and application of data, therefore data is
undoubtedly its crucial core element. In order to build a high-quality ear image dataset, it is first
necessary to collect publicly available datasets on the internet for comprehensive retrieval. Then, ear
images of different sizes (small, medium, large) are fused according to specific proportions to
construct an exclusive comprehensive dataset. Below is a detailed explanation of the source of the
data:

South Carolina Company: During the development of bone conduction earphones, South Carolina
collected over 8000 human ear data and conducted rigorous research on ear shape classification and
segmentation. Although its data mainly serves its own product development, it also provides reference
for related research to a certain extent

EarVN1.0: This part has the largest proportion in the dataset. It was constructed by collecting ear
images from 164 Asians at Ho Chi Minh Open University in Vietnam in 2018. This includes a total
of 28412 color images, involving 98 males and 66 females. The unique value of this dataset lies in
the use of a camera system to record facial information of individuals under various lighting
conditions during the image acquisition stage, covering a wide range of poses, scales, and lighting
changes.

Figure 2. EarVnl1.0 example diagram

USTB Ear: his dataset was captured by a team from the University of Notre Dame and includes both
2D and 3D ear images. When processing the dataset, first filter out the 3D parts, and then remove
duplicate images that are only caused by directional differences.

4.3. Data Preprocessing Process

Fine processing of annotated data: Annotated ear data accounts for only about 1% of the dataset, and
through a series of fine preprocessing, the quality and usability are improved. Normalization
accurately categorizes pixel values into the [0, 1] interval, laying the foundation for stable model



training. Randomly crop the key features of ear protection while transforming the texture map;
Horizontal flipping is applied with a probability of 0.5 to increase the model's perspective; Color jitter
adjusts brightness, contrast, and saturation within a specific range, expanding the diversity of
annotated data and fundamental feature learning.

Deep mining strategy for unlabeled data: Utilize deep mining to unleash the potential of massive
unlabeled data. First, weakly enhance the simulated acquisition of changes by random rotation ([-10 <
10 9) and moderate scaling ([0.9, 1.1]) to expand the distribution boundary. Furthermore, Mixup and
Mosaic pseudo labeling techniques are introduced. Mixup selects image samples based on Beta (0.2),
linearly interpolates and fuses pixels with pseudo labels to create new samples; Mosaic combines
scaled images with pseudo labels to create new combinations. The collaboration between the two
enriches feature expression and provides sufficient material for the mode

5. IMPLEMENTATION OF SEMI SUPERVISED LEARNING ALGORITHM
BASED ON HYBRID PSEUDO LABELS

5.1. Data Preprocessing Process

5.1.1. Annotated data processing

Annotated ear data accounts for approximately 1% of the entire dataset, and this valuable data is
finely processed to improve its usability. Firstly, perform normalization operation to normalize the

.. . . . X—Xmi .
original pixel value x to the interval [0, 1] using the formula Xporm = ———-"— Normalize the
max min

original pixel value x to the interval [0, 1], where Xmin and Xmax are the minimum and maximum
values of the pixel values in the dataset, respectively. This operation establishes a unified data scale
foundation for subsequent processing.

Meanwhile, multiple data augmentation techniques are employed to enrich the diversity of annotated
data. Random cropping follows the formula I..o, = I[y:y + h,x:x + w], While ensuring the
integrity of key ear features, the starting coordinates (x, y) and cropping size (w, h) are randomly
determined to introduce different structures into the image; Horizontal flipping is implemented with
a probability of 0.5 according to the formula If;;, = I[:,:: —1] to expand the observation perspective
of the model; Color jitter adjusts image colors according to the following rules: brightness is adjusted
t0 Lyew = L + random.uniform(—30,30) contrast is adjusted to Cnew = C X random.
uniform(0.8, 1.2), saturation is adjusted to S,.,, = S X random.uniform(0.8,1.2), in order to
strengthen the foundation of feature learning.

5.1.2. Untamed data processing

Massive unannotated data contains enormous potential value and requires deep exploration. Firstly,
use weak enhancement methods to simulate actual collection changes, and randomly rotate according
to the formula I,,.4:. = rotate(l, angle), where the angle is randomly selected from the interval [-
10 -, 10 °]; Moderate scaling is achieved through the formula I, = resize(l,s), where s ranges
from [0.9, 1 1] Randomly select.

Subsequently, pseudo label Mixup and Mosaic technology were introduced. When performing Mixup
operation, carefully select two unlabeled images 11 and 12 and their pseudo labels y1 from the dataset
y2, According to the Beta (0.2) distribution, sample and obtain the weight L. Mix the image pixels
using the formula I,,;,, = AI; + (1 — A)I, and fuse the pseudo labels to obtain y,,;, = 1y, + (1 —
A)y,; Mosaic technology concatenates four scaled images into a composite image I,,,,sqic» according
to a specific layout, and integrates corresponding pseudo labels to enrich the feature expression and
diversity of unlabeled data, providing sufficient materials for model learning.



5.2. Feature extraction based on Transformer

5.2.1. Image Block Embedding and Position Encoding

Accurately segment the input ear image into fixed sized small blocks, such as the common 16x16
pixel specification. Each small block is linearly projected using the formula x,,,peq = WempeaX +
bempea (Where X is the pixel vector of the image block and W,,,,,.4 1S the embedding weight matrix,
Convert b,,peq (bias vector) into low dimensional feature vectors and construct the model input
sequence.

To assign positional information, sine cosine positional encoding is used. According to the formula
PEpOS'Zi = sin (—”—O:z_i) and PEpos, 2i+l = cos (pos is the positional index, i=
10000% model

0,1,-, [%J, and d,.qe; 1S the feature dimension), it assist the model in accurately capturing the

spatial layout relationship of various parts of the ear, which is conducive to focusing on key areas and
ensuring the effectiveness of feature extraction.

5.2.2. Encoder multi-layer deep feature extraction

The Transformer encoder is equipped with multiple layers of multi head attention mechanisms, with
a fixed number of 8 heads. At the beginning of each layer, the multi head attention mechanism scans
the global feature associations of the image from multiple perspectives based on the formula

T

Attention(Q,K,V) = softmax(%)v (Q is the query matrix, K is the key matrix, V is the value
k

matrix,d,, is the key vector dimension), accurately capturing subtle differences in ear structure.

Next, the feedforward neural network (with a hidden layer dimension of 2048) uses the formula
FFN(x) = max(0,xW; + b, )W, + b, (W; and W, are weight matrices and b, and b, are bias
vectors) to perform nonlinear transformation and deeply refine the feature language

Meaning and adaptation dimensions; The normalization technique of the collocation layer is based

on the formula LN(x) =y O \/’%+ B (u is the mean, o2 is the variance, Y, B is a learnable

parameter, € prevents numerical instability) and is cascaded layer by layer with residual
connections, effectively alleviating the problem of gradient vanishing or explosion, comprehensively
improving the quality and efficiency of feature extraction, and laying a solid foundation for
subsequent recognition.

5.3. Pseudo Label Generation and Filtering Mechanism

5.3.1. Pseudo label generation

During the model training process, the Transformer model generates pseudo labels and confidence
scores for unlabeled images based on the ear feature templates learned in the previous stage. For
images with clear ear contours, rich textures, and low background interference, a multi-layer
convolution and activation function operation process is used to comprehensively determine the
feature strength and distribution pattern, and assign high confidence labels; Images with blurred ear
features, complex backgrounds, or occlusions correspond to low confidence labels, which are
accurately calculated based on the softmax output probability distribution within the model, providing
key basis for subsequent screening.

5.3.2. Dynamic filtering optimization

Using a dynamic strategy to screen pseudo labels based on confidence threshold. The initial threshold
is set to 0.7, and during the training period, the accuracy of small target and tail class recognition in
the validation set is closely monitored for fluctuations. If the accuracy decreases, it indicates
insufficient data diversity. Moderately reduce the threshold (such as to 0.6), expand the sample size



of pseudo labels, and introduce more potential information; If the accuracy increases and the model
is stable, timely increase the threshold (such as to 0.8), purify the quality of pseudo labels, accurately
remove low-quality labels, prevent error propagation, and ensure robust learning of the model.

5.4. Model Training Optimization Strategy

5.4.1. Customization of loss function

The loss function cleverly integrates supervised and semi supervised learning characteristics. For
annotated data, the classic cross entropy loss function L., = — Y-, y; log (p;)(y; is the true label,
p; is the prediction probability), is selected to accurately measure the prediction classification error,
promote the internalization of annotated feature knowledge in the model, and strengthen the
classification ability.

For unlabeled data, use the mean square error loss function L,,s, = % ~(yi —p)*(y; isapseudo

label), p; is predicted values are used to measure the consistency between pseudo labels and
predictions, and to constrain the model's understanding stability. The two are scientifically weighted
based on experimental results to construct a total loss function, balancing supervised and semi
supervised learning objectives and driving model performance improvement.

5.4.2. Optimizer dynamic parameter tuning

The AdamW optimizer leads the model training with exquisite parameter settings. Set the basic
learning rate to 0.0002, control the learning pace, and prevent the model from learning too quickly;
The weight decay is set to 0.0001 to suppress the risk of overfitting and ensure generalization ability.

Using cosine annealing strategy, according to the formula:

1 Tcur
N = Nmin + Py (Mmax — Mmin) (1 + cos (% )) (8)

Where 7, is learning rate at time t, and 9,5, Tmax a@re the minimum and maximum learning rates,
respectively, T.,,, Tmax rePresent the current and maximum number of iterations, which steadily
decreased from 0.0002 to O in 90000 iterations; Collaborative gradient pruning (with a maximum
norm of 0.1) avoids abnormal gradient fluctuations, comprehensively improves the accuracy,
efficiency, and robustness of the model in semi supervised ear recognition tasks, and adapts to
complex application scenarios.

6. EXPERIMENTAL VERIFICATION AND ANALYSIS

6.1. Comparative Test of Target Detection Capability

6.1.1. Experimental Design and Methods

To rigorously evaluate algorithm performance, a multi scene ear image test set was constructed,
incorporating samples from different lighting conditions (from dim to bright with multiple gradients),
rich angles (covering horizontal, vertical, and oblique angles), and diverse degrees of occlusion (from
partial occlusion to extensive occlusion). This model, built on the Transformer architecture, is
compared with other advanced object detection models such as RetinaNet and EfficientDet. It is
comprehensively measured using indicators such as mean average precision (mAP), recall rate, F1
score, and the proportion of improvement in small object detection accuracy. Each model is
rigorously trained under uniform training parameters (such as initial learning rate, weight decay
coefficient, batch size, etc.) and a fixed number of iterations, and accurately evaluated on the test set
to ensure the scientific comparison and credibility of the results.
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6.1.2. Loss function

Supervised learning uses the cross entropy loss function L., = — Y-, y; log (p;) to accurately
measure the prediction classification error of annotated data; Semi supervised learning utilizes
weighted combination loss, including consistency regularization loss L consistency Lconsistency =

% M lf () = F(g(x))I3 and pseudo label loss (weighted by pseudo label confidence), i.e.
Ltotar = Lee + W1 * Leonsistency + W2 * jngj(yf —p))? (wl, w2 are experimentally optimized

weights, cj is the confidence level of pseudo label j), balancing supervised and semi supervised
learning to guide the model to learn accurately.

6.1.3. Model comparison

The comparison of multiple models in a self built dataset highlights the advantages of the Transformer
model that has been optimized for architecture and fine tuned for parameters in this study. When
detecting small targets and tail classes, its mAP is about 15% higher than RetinaNet, and its recall
rate is about 12% higher than EfficientDet. This is due to the excellent features of multi head attention
capture and precise processing of positional encoding information, which stabilizes the core research
of the model in the future.

6.2. Adjustment of Training Hyperparameters

After a large number of experiments and fine tuning, hyperparameters were obtained: AdamW
optimizer was selected, with a learning rate of 0.0002 to prevent overfitting and a decay rate of 0.0001
to suppress overfitting; Learning rate scheduling includes linear preheating (from 0 to 0.0002 after
5000 iterations), static holding (up to 35000 iterations), and cosine annealing (from 0.0002 to 0 within
40000 iterations) to promote convergence; Set the gradient clipping normto 0.1 (L2 norm calculation)
to control the update, and load data according to the self process for batch 8 and 90000 iterations to
ensure stable and efficient training.

6.3. Experimental Results

When the Transformer model is trained end-to-end, the total loss curve steadily decreases with
increasing iterations and flattens after about 60000 iterations, demonstrating excellent convergence.
The average accuracy of the training set has increased from 60% to 85%, indicating a strong
improvement in learning power. However, in complex scenes, the model is limited, and the accuracy
of small target recognition decreases by 20% under strong backlighting. The interference of light and
shadow makes it difficult to extract ear features; The recall rate decreases by 18% under extreme
posture due to ear deformation affecting feature matching. In the future, we plan to strengthen data
augmentation (such as 3D rotation, which can improve the recognition rate of complex scenes by
10%), optimize the architecture (adjust multi head attention parameters, add adaptive coding),
innovate semi supervised strategies (dynamically screen pseudo labels to improve quality by 12%,
introduce adversarial learning), enhance model robustness and generalization ability, expand
applications in multiple fields such as security and medical care, and solidify the foundation of ear
recognition technology.
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