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Abstract: Feature map reconstruction networks (FRN) have demonstrated significant
potential by leveraging feature reconstruction. However, the typical process of FRN gives
rise to two notable issues. First, FRN exhibits high sensitivity to noise, particularly ambient
noise, which can lead to substantial reconstruction errors and hinder the network’s ability
to extract meaningful features. Second, FRN is particularly vulnerable to changes in data
distribution. Owing to the fine-grained nature of the training data, the model is highly
susceptible to overfitting, which may compromise its ability to extract effective feature
representations when confronted with new classes. To address these challenges, this paper
proposes a novel main feature selection module (MFSM), which suppresses feature noise
interference and enhances the discriminative capacity of feature representations through
principal component analysis (PCA). Extensive experiments validate the effectiveness of
MEFSM, revealing substantial improvements in classification accuracy for few-shot fine-
grained image classification (FSFGIC) tasks.

Keywords: few-shot fine-grained image classification; principal component analysis;
principal component analysis-based feature optimization network

MSC: 68T07

1. Introduction

In recent years, deep learning models in the field of computer vision have achieved
remarkable progress in image recognition and classification tasks [1-6]. These models have
outperformed human capabilities in both speed and accuracy. Fine-grained image classifica-
tion, a crucial task in this field, aims to identify subtle differences among various sub-classes
within the same basic category, such as distinguishing between different species of birds or
flowers. Compared to conventional classification tasks, fine-grained image classification
poses greater challenges, necessitating advanced feature extraction techniques [7] and the
support of deep learning models. However, such research often depends on large-scale
annotated datasets, which are costly and time-consuming to obtain. Consequently, few-shot
learning (FSL) has emerged as a prominent research area, enabling effective learning with
limited samples and thus reducing the reliance on extensive annotated data.

In this context, researchers have proposed various approaches leveraging meta-
learning [8-10] and metric learning [11-17]. Among these, metric learning has gained
widespread adoption due to its simplicity and efficiency. Most existing works employ
fixed metrics or learnable modules to learn effective metric embeddings [14,18]. These
embeddings aim to distinguish image categories based on the similarity or dissimilarity of
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elements within the metric space. Specifically, they strive to minimize the distance between
samples of the same class while maximizing the distance between samples of different
classes. This method constructs a feature space and employs similarity-based classification
with high efficiency. However, it struggles to capture fine-grained feature relationships,
thereby limiting its generalization ability to new categories. Therefore, an improved idea
based on image reconstruction is proposed [19-21], with few-shot classification using fea-
ture map reconstruction networks (FRN) [19] as a representative example. FRN addresses
classification tasks by reconstructing the feature map of the query image within the latent
space. Subsequently, representative networks such as Bi-FRN [20], SRM [21], and others
have been widely adopted and have achieved promising results. However, these few-shot
image classification studies have not adequately addressed two critical issues.

Firstly, FRN demonstrates significant sensitivity to noise originating from multiple
sources, which can be attributed to several underlying factors. (1) Noise from backbone
networks: the feature extraction process in backbone networks can introduce noise, thereby
degrading the quality of the feature maps. (2) Inherent image noise: real-world images
often contain various types of noise, such as background clutter, lighting variations, and
sensor noise. These factors can distort the feature maps, thereby making it difficult for
FRN to reconstruct the relevant features accurately. (3) Data augmentation noise: data
augmentation operations, such as scaling [22], rotation [23], cropping [24], and color
jittering [25], are commonly used to enhance the diversity of training data. However,
these operations can introduce additional noise, which may distort the feature maps and
complicate the task of accurately reconstructing relevant features for FRN. (4) Feature map
reconstruction: reconstructing the feature map in the latent space is inherently prone to
noise interference. Even small perturbations in the input can result in significant errors in
the reconstructed features, thereby adversely affecting the classification performance.

Secondly, FRN exhibits significant sensitivity to changes in data distribution. Owing
to the fine-grained nature of the training data, the model is highly susceptible to overfitting.
This susceptibility impairs its ability to extract effective feature representations in new
classes, thereby reducing classification accuracy. This sensitivity can be attributed to the
following factors: (1) Overfitting to training data: the fine-grained details in the training
data can cause the model to learn specific patterns that are not generalizable to new,
unseen data. Consequently, the model performs poorly when applied to new classes.
(2) Generalization to new classes: the model’s inability to generalize to new classes is
further exacerbated by the lack of diverse training samples. When the model encounters
new classes with different distributions, it struggles to extract meaningful features, leading
to a drop in classification accuracy.

To effectively address these challenges, this paper proposes a novel main feature
selection module (MFSM) that leverages principal component analysis (PCA) to mitigate
the impact of noise and enhance generalization capabilities. PCA is a robust technique
capable of reducing dimensionality, filtering out noise, and extracting the most significant
features from high-dimensional data. The MFSM utilizes PCA to selectively retain the most
informative components of the feature maps, thereby filtering out noise and improving the
robustness of the classification task, as illustrated in Figure 1a. Furthermore, the MFSM
selects key features that are more resilient to changes in data distribution, thereby enhancing
the model’s ability to generalize to new classes, as depicted in Figure 1b. To validate the
effectiveness of the proposed approach, a series of extensive and in-depth experiments
were conducted across multiple standard datasets. The results demonstrate that, compared
with existing methods, the PCA-based principal component extraction and noise removal
strategies offer substantial performance improvements across each dataset, presenting a
novel and efficient solution for fine-grained image classification tasks.
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Figure 1. Visualization results of features extracted by the backbone network on the CUB dataset.
In these two subfigures (a,b), we present photographs of two distinct bird species along with their
corresponding feature visualization results. The first column shows the input raw images, the second
column displays the visualization of features extracted by the FRN model with the added MFSM,
and the third column shows the visualization of features extracted by the original FRN.

The contributions of this paper can be summarized as follows:

*  The potential for optimization in feature characterization was identified in this study,
and for the first time, a few-shot fine-grained image classification strategy based
on principal component analysis (PCA) was proposed. The main feature selection
module (MFSM) was introduced to analyze the orthogonal projections of sample
features, thereby extracting and retaining the principal components that are useful for
classification in feature characterization

*  An automatic principal component selection mechanism, based on eigenvalue mag-
nitude and the cumulative variance contribution rate, is proposed. This mechanism
ensures the removal of irrelevant noise from the feature representation while minimiz-
ing the loss of useful information, thereby enhancing the accuracy of model training.

*  Extensive validation was conducted across multiple few-shot datasets, thereby demon-
strating the superior performance of the proposed method.

The remainder of this paper is organized as follows: Section 2 provides a compre-
hensive review of the literature closely related to this study. The technical details of the
main feature selection module (MFSM) are presented in Section 3. A substantial number
of experimental results and ablation studies are reported in Section 4. Finally, Section 5
concludes the paper with a summary of the key findings.

2. Related Works

In the field of few-shot image classification, recent research advancements have in-
troduced a variety of methodologies, which can be broadly categorized into two main
paradigms. The first paradigm consists of meta-learning-based methods [8,26,27]. Strate-
gies aim to develop an optimization mechanism that enables rapid adaptation to new
tasks with minimal gradient adjustments. This is achieved by mapping training and test
images to visual classification tasks using specific functions. The second main paradigm is
metric-based few-shot learning [14,15,28-30]. The fundamental idea behind metric learning
is to learn the distance relationships between samples, which allows the model to better un-
derstand the inherent features and category attributes of the samples. The metric function
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is optimized by minimizing the distance between positive sample pairs and maximizing
the distance between negative sample pairs.

2.1. Metric-Based Few-Shot Learning

In the domain of few-shot learning, metric-based learning approaches were among the
first to be employed and have since garnered widespread attention due to their simplicity
and efficiency. Good metric embeddings were acquired by utilizing fixed metrics or
learnable modules in a multitude of early works [28]. Samples were classified based on
distances or similarities. Siamese Network learns a similarity metric between two input
examples [31]. The network inputs a pair of images and outputs a similarity score. It is
trained to output a high similarity score for pairs of images from the same class and a low
score for pairs from different classes. Triplet Network is based on the idea of learning a
metric space in which the distance between examples of the same class is minimized while
the distance between examples of different classes is maximized [32]. A triplet consists of
an anchor example, a positive example (from the same class as the anchor), and a negative
example (from a different class). The network is trained to minimize the distance between
the anchor and positive examples and maximize the distance between the anchor and
negative examples. Subsequently, prototypical networks were introduced [18], which
obtain a prototype for a category in the feature space through samples of the same type.
Classification is determined by measuring the distance between the prototype and other
samples, thereby achieving proximity within the same category and separation between
different categories. Feature reconstruction networks (FRN) were proposed to address
the overfitting issue in few-shot fine-grained image classification by introducing feature
reconstruction [19]. This approach retains spatial granularity and detail when transforming
feature maps into vectors. However, the unidirectional reconstruction method of FRN
only increases inter-class variation and fails to effectively handle intra-class issues [19]. To
overcome these limitations, Bi-FRN was introduced, which employs a dual reconstruction
mechanism [20]. In addition to using the support set to reconstruct the query set to increase
inter-class variation, Bi-FRN also employs the query set to reconstruct the support set to
reduce intra-class variation, thereby addressing both inter-class and intra-class changes
simultaneously [20]. To mitigate the overfitting issue in metric learning, SRM introduced a
self-reconstruction metric module to diversify query features and proposed a restrained
cross-entropy loss to avoid overconfident predictions [21]. These innovations enable
the self-reconstruction network to effectively alleviate overfitting. While these methods
have demonstrated excellent performance, they have not considered the impact of noise
on few-shot image classification. Building on FRN, the method proposed in this paper
incorporates PCA to address the influence of noise, thereby reducing the sensitivity of
feature reconstruction to data distribution and noise and achieving more accurate few-
shot classification.

2.2. Meta-Based Few-Shot Learning

In model-agnostic meta-learning (MAML) [8], the concept of optimization-based
methods was first introduced. The core idea of MAML is to learn an initial condition
that facilitates rapid adaptation to new classification tasks by enabling easy adjustment
of the model. In subsequent work [26], researchers innovatively proposed a “piecewise
mapping” function within the classifier mapping module. This function learns a set of more
attainable sub-classifiers to generate decision boundaries in a more parameter-efficient
manner. Lee et al. [27] employed linear predictors as base learners to learn representations
for few-shot learning, demonstrating that linear predictors offer better trade-offs between
feature size and performance under linear classification rules. Reptile is a simple and
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efficient meta-learning algorithm [9]. The model is trained on a sequence of tasks, and
for each task, it performs multiple stochastic gradient descent steps. The key difference
between Reptile and MAML is that Reptile does not explicitly compute the inner-loop
gradient for each task. Instead, it updates the model parameters in a way that makes them
move in the direction of the task-specific solutions. TAML focuses on adapting the learning
rate for different tasks [33]. It has a meta-learner that learns the task-specific adaptation
rules. The learning rate adaptation allows the model to better handle the diversity of
different few-shot classification tasks. Meta-SGD aims to learn an optimizer that enables
the model to adapt quickly to new tasks with only a small amount of data [10]. It achieves
this by learning task-specific learning rates, thereby enhancing the model’s adaptation
speed and performance on new tasks. This method extends the traditional gradient descent
optimization process, learning not only the model’s initialization parameters but also the
update direction and learning rate for each parameter. MTL combines meta-learning and
transfer learning to address the issue of few-shot learning, hoping that by training on
multiple related tasks, the model can quickly adapt to new tasks [34]. This method achieves
this through parameter-level fine-tuning and a special “Scaling and Shifting” operation,
adjusting only part of the weights, ensuring that most of the pre-trained parameters remain
unchanged, preventing catastrophic forgetting, and also averting the problem of overfitting.
These methods have achieved good results with limited data, but they may not have
considered the impact of data noise on model performance. In contrast, our proposed
MFSM can not only obtain more important features with limited data but also reduce
the impact of noise on model performance caused by data corruption and limited data
collection equipment.

3. Method
3.1. Problem Definition

In few-shot learning (FSL), given a dataset D = {(x;,y;)|y; € YV}, we can divide
this dataset into three parts: Dpase = {(xi, ¥i)|Vi € Voase }» Pval = { (%1, ¥i)|yi € Yyar}, and
Drovel = { (%1, Yi)|Vi € Vnovel }- Here, x; and y; represent the feature vector and class label
of the i-th image, respectively. The class sets of these three subsets are disjoint, meaning
Pbase N Yval N Vnovel = D and Vpase U Yyal U Ynovel = V. The Primary ObjECtive of few-shot
classification is to enable the model to perform well on the new classes in Dy qye in an
N-way K-shot setting by learning knowledge from Dy, and Dy, . Here, N represents
the number of classes randomly selected from D,,qye, with K labeled support samples
chosen for each class and R unlabeled query samples in the query set Q. During the
meta-training phase, the model uses the support samples from tasks in Dy,ge to infer the
labels of the query samples. The optimal model is then selected by evaluating performance
across multiple tasks in Dy,. In the meta-testing phase, the model is evaluated on the novel
classes in Dyqye) to verify whether the knowledge learned during the meta-training phase
can be effectively transferred and generalized to new classes.

3.2. Main Feature Selection Module

In few-shot fine-grained image classification, the model is tasked with learning to
extract highly discriminative features from limited samples, which are essential for distin-
guishing between subtly different subclasses. However, during this process, the obtained
feature maps contain significant noise due to several factors. Such noise complicates the
extraction of effective features, thereby resulting in an unnecessary expansion of the feature
space due to the potential presence of numerous redundant features in high-dimensional
spaces. To address the aforementioned issues, this paper introduces the main feature
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selection module (MFSM), which enhances model performance in complex image scenarios
by selectively extracting key features from diverse and high-dimensional feature spaces.

By leveraging this module, models are enabled to filter and optimize features more
efficiently, thereby eliminating redundant information and noise. This process significantly
enhances the overall quality of feature representation and improves classification perfor-
mance. In contrast to traditional methods that lack feature optimization, the MFSM is more
focused on retaining the essential features necessary for the task. This targeted approach
leads to substantial improvements in the network’s training efficiency, model generalization
capability, and overall effectiveness.

The main feature selection module (MFSM) employs principal component analysis
(PCA) [35,36] to perform initial feature selection, thereby enhancing the feature representa-
tion derived from the backbone network. Principal component analysis (PCA) involves
computing the covariance matrix of the data, identifying the eigenvectors and their corre-
sponding eigenvalues, and sorting these eigenvectors in descending order based on their
eigenvalues. The top eigenvectors are selected as the new basis vectors, and the projec-
tion of the data onto these vectors constitutes the principal components. By employing
this method, the MFSM focuses on the most relevant information for image classification,
effectively eliminating irrelevant features and noise while retaining only the principal
components that significantly impact the data distribution. Taking FRN as an example
(illustrated in Figure 2), the dataset is divided into a support set X; and a query set X,
based on the parameter settings. After sampling and preprocessing, the backbone network
extracts high-dimensional features from the original images, which are projected into a
more discriminative latent space. The feature maps are reshaped into feature pools, and
each image’s feature channels are fed into the main feature selection module (MFSM) as
input samples for principal component analysis (PCA). This process generates a refined
feature representation that more effectively captures the key information of the samples.
Subsequently, the Euclidean distance is used to measure similarity, comparing samples
from the support set and the query set to identify the most closely related samples for
learning. In this manner, the MFSM focuses on the information most pertinent to the classi-
fication task, thereby eliminating extraneous features and noise while retaining only the
principal components that best represent the data distribution. The specific methodological
workflow is detailed as follows.

First, a dataset comprising support instances and query instances is provided. Classic
backbone networks, such as ResNet-12 and Conv-4, are selected as feature extractors
to compute feature maps for preliminary feature representation extraction of the input
samples. These backbone networks, which have been extensively trained and optimized,
are capable of effectively capturing low-level and mid-level features of images, such as
edges, textures, and shapes, as described in Equation (1):

F = fy(I). (1)

Here, I denotes the input query and support image samples, and fy represents the
feature extractor parameterized by . The resulting feature map F has dimensions F € R"*¢,
where 7 is the new dimension obtained by flattening the original feature map’s height and
width, and d is the number of channels in the extracted feature map. Thus, F can be defined
as the sample matrix for this module, comprising d samples, each with r features. Following
the principles of PCA, adhering to the principles of PCA, the proposed MFSM performs
principal component selection on these samples, as illustrated in Figure 3.
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Figure 2. A schematic diagram of the FRN network with the MFSM module that illustrates the process
of projecting support and query images into the feature space using the mapping function f (). After
flattening the feature maps, their spatial structure is transformed into representations of relationships
among samples. Specifically, the flattened feature map channels are treated as independent samples,
with the features of each sample corresponding to the number of elements in the flattened feature pool.
Subsequently, Principal component analysis (PCA) is applied to process these features, optimizing
feature representation and enhancing classification accuracy.
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Figure 3. MFSM schematic diagram.

Based on the obtained feature representation F, the corresponding centralized matrix
U can be computed. Subsequently, F is decentralized by subtracting the mean from each
feature using U.

X0 X1 - Xgo X4
X0 X1 o Xgp Xg-1 1
u—|: . - . . S TS0 o1 41 )
= . : : (xj—f, j=0,1,...,d-1). )

Xo X1 - X4_p X3
Xo X1 - X4_p X3

Using Equation (2), the decentered matrix Fgecentered is Obtained, with dimensions
Fiecentered € R™*4. This matrix serves to center the data around the origin, effectively
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eliminating feature biases and ensuring that the data distribution remains invariant to
shifts. This step ensures that the data is accurately centered around the origin, thereby
reflecting the variability of the data and facilitating the correctness of subsequent eigenvalue
decomposition. Subsequently, the covariance matrix Zcoy is computed to further analyze
the variance and common characteristics of the data. The covariance matrix is a critical
metric that reflects the correlations between features. By measuring the covariance between
features, it is possible to identify the principal component directions and the weights
associated with each feature, thereby facilitating the extraction of the most representative
features. Specifically, the covariance matrix X,y is constructed by treating each column of
F decentered as a feature vector and calculating the inner product relationships among these
vectors, as shown in Equation (3).

T
Teov = ﬁlj decenteredP decentered. (3)

The covariance matrix X.oy is constructed with dimensions Z.ov € R"*". To obtain
an unbiased estimate of the covariance matrix, which corrects for the bias in the sample
covariance, the matrix is scaled by dividing by r — 1. This adjustment quantifies the linear
relationships between each pair of features in the feature representation, leading to the
formulation of a typical eigenvalue problem. Subsequently, the eigenvalues and corre-
sponding eigenvectors of this problem are computed. The calculation of these eigenvalues
and eigenvectors is essential for identifying the principal directions of variation within the
feature representation. These solutions enable the identification and retention of the most
discriminative components within the data.

Zeov? = A, @)

/\1,/\2,...,)\7 — 01,02,...,0.

Given that the covariance matrix Xy is symmetric, according to Equation (4), it is
possible to obtain r eigenvalues and their corresponding eigenvectors. Each eigenvalue A;
is associated with an eigenvector v;, with the eigenvalues ordered in descending magnitude
such that A; > A;,1. The eigenvalues are subsequently fed into the component selection
module (CSM) for principal component selection. The detailed process and associated
pseudocode for the CSM module are presented in Section 3.3. The CSM module evalu-
ates the magnitude and cumulative contribution rate of these eigenvalues to identify the
principal components that capture the dominant features of the data, thereby discarding
irrelevant or redundant information. The first k eigenvectors, which represent the principal
components, are selected as follows:

M = cat(v1,vy,...,0%) = [v1,02,..., 0] (5)

In Equation (5), the CSM module identifies the top k eigenvectors corresponding to the
largest k eigenvectors Aq, Ay, ..., Ax. These eigenvectors vq, v, ..., vy are designated as the
principal component directions. The eigenvalues quantify the variance of the data along
the corresponding eigenvector directions, thereby reflecting the information content. By
selecting these eigenvectors, we determine the directions of the principal components. This
selection enables the projection of the data into a lower-dimensional space while preserving
the original structural information and discriminative power of the data. The resulting
projection matrix M (with dimensions M € R"*¥) enables this dimensionality reduction
process, where r denotes the original feature dimension, and k represents the number of
selected principal components. This projection matrix effectively eliminates redundant
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information while enhancing the model’s sensitivity to the main features, thereby providing
stronger discriminability for subsequent processing and classification.

Subsequently, the projection matrix M is multiplied by the centered matrix Fgecentered
to obtain the new reduced-dimensional data matrix L:

L=M TP decentered - (6)

Here, L has dimensions L € R¥*?. The new data matrix L retains the main information
from the original data in the k new dimensions while eliminating irrelevant sample noise.
In Equation (6), by multiplying M with L. Subsequently, by using Equation (7), the reduced-
dimensional matrix L is projected back into the original feature space to obtain Fpca:

Fpca = ML. )

Fpca has dimensions Fpea € R"™4 maintains consistency with the original sample
matrix F in terms of dimensionality and spatial representation. However, Fpc, retains
only the most representative principal components of the data, thereby more accurately
capturing the core features of the samples. This denoising process enhances the signal-
to-noise ratio of the data, rendering subsequent image classification tasks more reliable
and efficient.

3.3. Component Selection Module

In the main feature selection module (MFSM), the sample matrix is first centralized
to obtain the decentered sample matrix Fyecentered- Subsequently, the corresponding co-
variance matrix oy is computed, and its eigenvalues A; and corresponding eigenvector
v; are determined. The eigenvalues quantify the variance of the data along the directions
of the corresponding eigenvectors. Generally, these eigenvalues reflect the amount of
information or “energy” contained in the data along those directions. A larger eigenvalue
indicates a more significant variation in the data along that direction, thereby highlighting
its importance. The eigenvector v; is a unit vector that represents a specific direction in the
high-dimensional space, reveals the trend of data variation in that direction, and indicates
the principal direction of the data during dimensionality reduction. The selection of the
eigenvectors corresponding to the first k largest eigenvalues enables the construction of
a new low-dimensional space that projects the data in these principal directions. This ap-
proach effectively reduces the dimensionality of the data while retaining the most important
feature information, thereby achieving dimensionality reduction and feature optimization.

To ensure the selection of an appropriate number of feature components without
losing important information, a component selection module (CSM) is proposed. This
module is designed to select the optimal number of features, and the algorithm is described
as Algorithm 1.

Initially, the module processes the eigenvalues from the set of eigenvalues and eigen-
vectors, as the magnitude of each eigenvalue A; reflects the importance of each principal
component in explaining the variance of the data. Correspondingly, each eigenvector
v; represents the direction of this component mapped onto a new axis. Additionally, a
learnable parameter P is initialized, which sets the desired cumulative variance percentage
to retain, typically within the range 0 < P < 1.
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Algorithm 1: Component selection module.

Data: Learnable parameter P € [0, 1]; Matrix E of size B X R, where B represents
the batch size (the number of samples in a batch), and R represents the
resolution (the number of eigenvalues of the covariance matrix under each
batchsize).

Result: Vector num of size B

Step 1: Sort Eigenvalues:

fori =1to B do

‘ Sort E[i,:] in descending order to get S[i, :|. Record original indices in I[i, :].
end

Step 2: Compute Total Eigenvalue Sums:

Initialize sum as a vector of size B with all elements 0.

fori =1toBdo

forj=1toRdo
‘ sumli] < suml[i] + Sl[i, ]
end

© ® N o Ul s W N =

-
(=]

11 end

12 Step 3: Initialize Result Vector: Set num to a vector of size B filled with 0.
13 Step 4: Determine Selected Eigenvalue Counts:

14 fori=1toBdo

15 tmpSum < 0

16 forj=1toRdo

17 tmpSum < tmpSum + S[i, j]
18 if tmpSum > P x suml|i] then
19 ‘ num|i] <— j Break

20 end

21 end

22 end

23 Step 5: Return Result: return num

In the initial step, the top r eigenvalues A are computed from the covariance matrix and
sorted in descending order to form a sequence: A; > Ay > ... > A,. This sorting ensures
that eigenvalues with the highest information content are positioned at the beginning of the
sequence, while those with less information are placed towards the end. This arrangement
prioritizes the most informative components in the cumulative sum.

Next, the sum of the sorted eigenvalues is computed, denoted as sum = Ay + A; +
...+ As. This sum represents the total contribution of all the principal components to
the variance of the original data, providing a benchmark for determining whether the
cumulative sum of eigenvalues reaches the set variance retention threshold. Based on this,
a temporary variable tmpsum is initialized and assigned the value of the largest eigenvalue
Aj. Starting with the largest eigenvalue, each subsequent eigenvalue is progressively added,
dynamically assessing whether the cumulative sum has reached the threshold P x sum,
which represents a certain percentage of the total variance.

The current cumulative sum tmpsum is then compared to P x sum. If tmpsum is
greater than or equal to P x sum, it indicates that the selected number of components can
explain P x 100% of the variance in the data, and the selection process terminates. If the
condition is not satisfied, the counter is incremented, and the next eigenvalue is added to
the cumulative sum until the threshold is reached or exceeded.

Upon satisfying the condition, the module outputs k, the count of the top k eigenval-
ues, which represents the number of components required to achieve the preset variance
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explanation rate. This automatic selection mechanism identifies the optimal number of
principal components k based on eigenvalue magnitude and cumulative contribution,
thereby eliminating the need for manually setting a threshold. The time complexity and
space complexity of the CSM module are both O(n), meaning that the computational load
is not heavy, which meets the requirement for the module to be lightweight.

4. Experiments

In this section, the performance of the main feature selection module (MFSM) is evalu-
ated on several standard fine-grained classification benchmarks. To fully validate the broad
adaptability and enhancement of feature representation provided by MFSM,, it is integrated
into existing classic network structures, ensuring consistent performance across different
model frameworks. Initially, the main feature selection module (MFSM) is embedded into
the feature reconstruction network (FRN) [19]. By leveraging the strong feature extraction
capability of FRN and the proposed MFSM, the aim is to further enhance performance in
fine-grained classification tasks. To ensure the fairness and comparability of the results, the
same hyperparameter configuration and implementation details are maintained across all
experiments. Specifically, consistent training procedures and data preprocessing methods
are employed in both the original FRN network without MFSM integration and the im-
proved version with MFSM. This design ensures that any performance improvement can
be attributed to the contribution of MFSM itself rather than other external factors.

4.1. Datasets

To validate the effectiveness of the proposed method, four standard fine-grained image
datasets were selected for performance evaluation: CUB-200-2011 [37], Stanford-Dogs [38],
Stanford-Cars [39], and Aircraft [40]. The data division for each dataset is provided in
Table 1.

Table 1. Dataset division. M,y represents the total number of classes, and Miyain, Myal, and Miest are
the numbers of classes in the auxiliary set, validation set, and test set, respectively.

Dataset Mall Mtrain Mval Mtest
CUB-200-2011 200 100 50 50
Stanford-Dogs 120 70 20 30
Stanford-Cars 196 130 17 49

Aircraft 100 100 50 50

The CUB-200-2011 dataset [37] is a widely used fine-grained image classification
dataset containing 11,788 images from 200 different bird species. Consistent with the
methods of Zhang et al. [41] and Ye et al. [42], each image was cropped to match the
annotated bounding boxes while preserving the original image form as specified in [43].
The data split aligns with that in [19].

The Stanford-Dogs dataset [38] is a highly significant dataset, covering 120 different
dog breeds from around the world, with a total of 20,580 images. These images display
the unique characteristics and forms of various dog breeds. The dataset split follows the
configurations in [44,45] to ensure experimental comparability and validity.

The Stanford-Cars dataset [39] is a highly influential car image dataset, containing
196 different car categories defined by car make, model, and year. The images are primar-
ily taken from the rear view of the cars, ensuring consistency across the dataset, which
facilitates model training and comparison. The dataset is divided into a training set with
8144 images and a test set with 8041 images. This nearly 50-50 split allows for a compre-
hensive evaluation of the model’s generalization capabilities.



Mathematics 2025, 13, 1098

12 0f 18

The Aircraft dataset [40] contains 10,000 aircraft images covering 100 different aircraft
models. Consistent with the approach in [19], each aircraft in the images has been accurately
annotated with a bounding box and cropped accordingly. The dataset is divided for
experimental use.

4.2. Implementation Details

Few-shot image classification experiments were conducted using two widely used
backbone architectures: Conv-4 [27,46] and ResNet-12 [1,27]. These experiments are based
on the FRN network method, operating on the feature representations extracted by these
two networks. All experiments in this work were performed using the PyTorch 2.1.1
framework on a single NVIDIA 3090 Ti GPU (24GB). For the Stanford-Dogs and Stanford-
Cars datasets, all settings are in accordance with the FRN replication experiment parameters
mentioned in Bi-FRN [20]. For the Aircraft and CUB-200-2011 datasets, the parameter
settings from FRN [19] are followed. Experiments are conducted in the code environment
set up in the respective papers to ensure the rigor of the experiments. The initial learning
rate for all datasets is set to 0.1, with a weight decay of 5¢~*. Training is performed for
a total of 1200 and 800 epochs, with the learning rate reduced by a factor of 10 every
400 epochs and validation performed every 20 epochs. Data augmentation is applied using
random cropping, horizontal flipping, and color jittering. Experiments are conducted
under the standard five-way one-shot and five-shot settings, with 10,000 tasks randomly
generated on the test datasets. The average classification accuracy within a 95% confidence
interval is reported.

4.3. Performance Comparison

In this section, the classification performance of the proposed MFSM module combined
with FRN is compared against thirteen state-of-the-art and typical methods: ProtoNet [18],
DN4 [44], DSN [16], CTX [47], DeepEMD [41], MattML [24], MixFSL [48], FRN [19], LMP-
Net [49], OLSA [50], HelixFormer [51], TOAN [52], and BSFA [53]. The experimental results
on the CUB-200-2010, Aircraft, Stanford-Dogs, and Stanford-Cars datasets are detailed
in Table 2. For methods marked with t, experiments are reproduced under the same
conditions using their publicly available code to ensure the reliability and consistency of
the results. By re-implementing these methods in a unified environment, a fair evaluation
of different methods’ performance in few-shot fine-grained image classification (FSFGIC)
tasks is achieved, providing a solid experimental foundation for the direct comparison of
model performance.

Additionally, as illustrated in Figure 4, the gradient-weighted class activation mapping
(Grad-CAM) technique was applied to the ResNet-12 layer to visualize the model’s attention
regions, thereby demonstrating the advantages of the proposed MFSM module. In the
Grad-CAM method [54], this technique provides visual explanations for the decisions made
by CNN-based models, enhancing the transparency and interpretability of the model’s
decision process. Areas with higher energy typically represent more discriminative parts of
the image, which are crucial for classification tasks. As shown in Figure 4, FRN+MFSM
exhibits a stronger ability to focus on classification targets than FRN. It captures target areas
more accurately and effectively reduces attention to background interference areas. This
improvement indicates that the MFSM module enhances the robustness of FRN, enabling
it to focus more effectively on target features in fine-grained classification tasks, thereby
improving classification accuracy.
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Table 2. Experimental comparison results of different methods on the CUB-200-2011, Stanford-Dogs, Stanford-Cars, and Aircraft datasets under two backbone
networks (methods marked with 1 are those we implemented). The best performance is highlighted in bold.

CUB-200-2011 Aircraft Stanford-Dogs Stanford-Cars

Backbone Methods 1-Shot 5-Shot 1-Shot 5-Shot 1-Shot 5-Shot 1-Shot 5-Shot
ProtoNet t [18] 61.76 + 0.23  83.07+0.15 47.72 69.42 46.66 +022 7093+0.16 5057 +022 7444 +0.17
DN4 [44] 57.45 £ 0.89 84.41 £ 0.58 - - 39.08 £ 0.76 69.81 + 0.69 34.12 £ 0.68 87.47 £ 0.47
DSN [16] 7256 £092  84.62 +0.60 - - 4452 +0.82 5942+071 5345+0.86 65.19+0.75
Cony-4 CTX [47] 72.61 £021 8623 +0.14 50.02 67.25 5786 +021 7359+0.16 66.35+021 8225+0.14
DeepEMD [41] 64.08 +0.50 80.55+0.71 - - 4673 +049 6574063 61.63+0.27 7295038
MattM L [24] 66.29 +0.56  80.34 +0.30 - - 5484 +053 71.34+038 66.11+054 82.80+0.28
MixFSL [48] 53.61+0.88 7324+0.75 44.89x0.75 62.81x0.73 - - 4456 £0.80  59.63 £ 0.79
FRN t [19] 73.82 £ 0.21 88.16 £ 0.12 53.20 71.17 60.41 = 0.21 79.26 £ 0.15 67.12 £ 0.22 86.62 +0.12
FRN+MFSM 74.48 £ 0.21 89.17 £ 0.12 54.01 + 0.21 71.81 £ 0.18 60.54 + 0.22 79.29 + 0.14 67.23 £ 0.22 87.48 + 0.12
DeepEMD [41] 7559 +0.30 88.23+0.18 - - 70.38+0.30 8524+0.18 80.62+0.26 92.63+0.13
LMPNet [49] - - - - 61.89+0.10 6821+0.11 6831+045 68.31+0.45
MixFSL [48] 6787 +094 8218+0.66 60.55+0.86 77.57 +0.69 - - 58.15+0.87  80.54 + 0.63
OLSA [50] 7777 £0.44  89.87+0.24 - - 64.15+049 7828+0.32 77.03+046  88.85+0.46
ResNet-12 FRN t [19] 83.05+0.19 9247 +0.10 69.81+022 8299x014 7159+021 8541+0.13 88.01+0.17 95.75=x0.07
HelixFormer [51] 81.66 +0.30 91.83+0.17 - - 65.92+£049 80.65+0.36 79.40+043 9226+0.15
TOAN [52] 66.10 +0.86  82.27 + 0.60 - - 4977 +0.86 6929070 7528+0.72  87.45+0.48
BSFA [53] 8227 +046  90.76 + 0.26 - - 69.58+ 050 8259+0.33 88.93+0.38 95.20=x0.20
FRN+MFSM 84.86 + 0.18 93.73 = 0.09 69.99 + 0.21 83.74 + 0.13 71.66 + 0.22 85.46 + 0.13 88.19 = 0.17 96.02 = 0.07
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Figure 4. Heatmaps of seven images visualized by FRN and the proposed FRN+MFSM.

To more comprehensively verify the effectiveness of the proposed algorithm, MFSM
was integrated into ProtoNet, and experiments were conducted using Conv-4 as the back-
bone network. Figure 5 intuitively presents the performance differences and comparison
results under the five-way one-shot and five-way five-shot settings, further demonstrating
the effectiveness of the proposed method.
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Figure 5. Under the 5-way 1-shot and 5-way 5-shot settings, our method is applied to ProtoNet for
performance comparison with the original version.

4.4. Ablation Studies

The performance of the proposed MFSM module in the FSFGIC task depends on
the choice of parameter P. To investigate its impact within the CSM module, additional
experiments were conducted on FSFGIC. Using a Conv-4 backbone, we empirically selected
four different P values P € {0.95,0.96,0.97,0.98} to explore their effect on performance.
The five-way one-shot and five-way five-shot FSFGIC tasks were conducted on three
datasets: Aircraft, Stanford-Cars, and Stanford-Dogs datasets. According to the results
shown in Table 3, the proposed MFSM module achieved the best classification performance
on the Aircraft dataset when P = 0.96, and optimal classification performance on the
Stanford-Cars and Stanford-Dogs datasets when P = 0.97.

Table 3. Performance metrics on the Stanford-Dogs, Stanford-Cars, and Aircraft datasets were
evaluated under different values of P, with the best performance highlighted in bold.

Aircraft Stanford-Cars Stanford-Dogs
P 1-Shot 5-Shot 1-Shot 5-Shot 1-Shot 5-Shot
0.95 52.46 + 0.21 70.37 £ 0.18 - - - -
0.96 54.01 + 0.21 71.81 £+ 0.18 67.23 £0.22 87.48 £ 0.12 60.23 + 0.21 79.07 £ 0.25
0.97 51.83 + 0.21 70.61 = 0.18 67.23 +0.22 87.88 £ 0.12 60.54 + 0.22 79.29 £ 0.14
0.98 53.18 +0.21 70.93 +0.18 66.74 £ 0.22 87.87 +0.12 60.05 +0.22 78.61 +0.15
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This situation may be related to differences in feature characteristics and complexity
across datasets. For example, in the Aircraft dataset, images often focus on the shape
features of the aircraft, with relatively consistent angles and backgrounds. This results in
higher structural similarity and typically high intra-class variance. A lower P value helps
retain the main features while reducing noise interference as much as possible without
affecting overall performance. In contrast, the Stanford-Cars and Stanford-Dogs datasets
contain more detailed variations, such as different poses, background changes, and color
differences for cars and dogs. These rich details increase the difficulty for the model in
distinguishing fine-grained features, requiring a higher cumulative variance to fully capture
and express these details. This difference reflects the need for flexibility in feature selection
across datasets, explaining why optimal performance is achieved with different P values
for different datasets.

4.5. Time Complexity Analysis

In this work, the time complexity of the FRN method with the proposed MFSM was
compared with that of the FRN without this module in terms of the forward /backward
pass size, estimated total size, number of parameters, and floating-point operations (FLOP).
Both methods used Conv-4 as the backbone. As shown in Table 4, the proposed method
maintains the same number of parameters and FLOPs as the original model, while the
forward /backward pass size and estimated total size are slightly higher than those of
FRN. Despite a negligible increase in computational overhead, the model achieves signifi-
cantly better performance than FRN. This demonstrates that the MFSM module achieves a
favorable balance between computational efficiency and performance improvement.

Table 4. Time complexity analysis for the proposed method.

Forward/Backward Estimated Total Size

Model Pass Size (MB) (MB) Parameters (M) FLOPs (M)
FRN 19.43 19.95 0.113088 100.16
FRN+MFSM 19.45 19.96 0.113088 100.16

5. Conclusions

This paper proposes the main MFSM, which effectively removes redundant informa-
tion and noise through PCA, thereby enhancing the robustness and discriminability of
feature representations. MFSM optimizes the data distribution in the feature space, reduces
interference from background regions, and makes the feature representation more compact
and discriminative. Performance comparison experiments demonstrate that MFSM sig-
nificantly improves classification performance on four widely used fine-grained datasets:
CUB-200-2011, Stanford-Cars, Stanford-Dogs, and Aircraft, with particular advantages
in complex background scenarios. Additionally, ablation experiments were conducted
to investigate the impact of the parameter P on the fine-grained image classification task
(FS-FGIC) across different datasets, providing a deeper understanding of how different
datasets are sensitive to the choice of P and how to adjust it to optimize classification
performance based on dataset characteristics and complexity. The following literature was
also referenced during the course of this paper [55-63] to refine the research framework.

6. Future Work

In future work, we will explore combining other denoising techniques and feature
selection methods to further improve MFSM’s performance on complex datasets. Further-
more, considering the generalization ability of our method in few-shot learning, strategies
like meta-learning will be incorporated to enhance MFSM’s adaptability and robustness
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to new categories. Additionally, MFSM can be integrated with other deep learning ar-
chitectures. For example, combining MFSM with models like transformer to study its
performance in tasks with long-tailed distributions or cross-modal tasks can help expand
its application potential in other domains.
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