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Abstract: Ball K-means algorithm is an accelerated and precise clustering method that uses spheres to represent clusters, 
thereby reducing the distance calculations between data points and centroids. Initially designed for graph data, it was not efficient 
or accurate for clustering centroids in image data. This paper adjusts the ball K-means algorithm and integrates it with image 
analysis, expanding its application domain and introducing a novel theoretical framework. The method represents each class of 
query samples using spherical clusters, identifies neighboring clusters, and distinguishes between active and stable regions. It 
adaptively updates centroids based on the correlation between active region sample points and neighboring cluster centroids. 
The resulting centroids are combined with class representatives from training samples to form more distinctive spherical 
prototypes. The Euclidean distance between query samples and these prototypes is computed for classification based on the 
nearest-neighbor assignment principle, enhancing model generalization through adaptive features. Experimental results 
demonstrate that our method achieves improved classification accuracy and robustness on miniImageNet and tieredImageNet 
datasets. 
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1. Introduction 
The k-means algorithm, a classic unsupervised learning 

method, has been widely used in image classification since its 
inception [1] Its primary function is to simplify image 
representation by clustering image features, thereby 
enhancing classification performance. With the advancement 
of deep learning technologies, k-means has been combined 
with deep feature extraction, enabling clustering in higher-
dimensional feature spaces and effectively handling the vast 
features generated by deep learning models. However, issues 
with computational efficiency and scalability remain. To 
address these, researchers have developed various 
optimization algorithms, such as Mini-Batch k-means [2] and 
other variants [3] [4], to speed up computation and reduce 
memory usage. Despite these improvements, these algorithms 
still lack adaptive mechanisms, limiting their generalization 
capabilities. To overcome this, Shuyin Xia and Guoyin Wang 
introduced the concept of spherical clusters into k-means and 
developed an accelerated and precise k-means clustering 
method, known as ball k-means [5]. This algorithm accurately 
identifies neighboring clusters for each cluster, calculating 
distances only between points and neighboring cluster 
centroids rather than all centroids, and adaptively updates 
centroids. 

The ball k-means algorithm is a clustering method that 
stands out due to its use of spheres to describe each cluster, 
reducing the distance calculations between points and 
centroids. This approach precisely identifies neighbor clusters 
for each cluster, requiring distance calculations only between 
points and neighbor cluster centroids rather than all centroids. 
This design allows the ball k-means algorithm to significantly 
reduce computational overhead and improve efficiency and 
scalability when processing large-scale data [6]. Additionally, 
as an unsupervised learning method, the ball k-means 
algorithm independents of labeled data for training to 
potentially save on manpower and time expenses. Owing to 
its strong generalization ability, it can well classify new 

samples, demonstrating robust adaptability in handling 
unknown data in practical applications. In addition, it can 
effectively handle noise and outliers in data [7], while 
possessing a certain adaptability to the distribution of the data, 
enabling it to deal with different types of datasets. 

Ball K-means, initially applied to tabular data, has been 
extended to the image domain, broadening its application and 
introducing new theoretical techniques to the field of image 
processing [8] [9]. This paper combines ball K-means with 
few-shot learning [10] [11], aiming to enable effective 
learning and prediction with minimal labeled samples. 
However, ball K-means still relies heavily on the initial 
cluster centroids, which can significantly impact clustering 
results. Additionally, in the image domain, Euclidean distance 
alone may not accurately capture the relationship between 
samples. 

This paper presents the following contributions: 
(1) This paper introduces the ball k-means algorithm and 

proposes a simple yet effective method, offering new insights 
into the few-shot classification problem. 

(2) By applying the ball K-means algorithm to the query 
set for adaptive learning of class features and fusing with the 
support set to form the granular-ball prototype, the issue of 
limited training data in few-shot learning is alleviated. 
Moreover, this approach endows the model with adaptive 
characteristics and enhanced robustness. 

(3) Adjusting the ball K-means algorithm to fit few-shot 
learning allows for solving few-shot classification problems 
across domains, broadening the application scope of this 
algorithm. 

2. Related Work 
2.1. Granular-ball computing 

The granular-ball computing, developed by Shuyin Xia and 
Guoyin Wang et al. [12], is a significant model in granular 
computing that has emerged in recent years. This method 
employs granular-balls of varying sizes to adaptively 
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represent and enclose the sample space, using these granular-
balls as the basis for learning. Shuyin Xia and Guoyin Wang 
exploited tree structures to partition the space and generate 
equivalence classes, proposing a rectangle-based granular-
ball rough set that allows for continuous data representation 
and analysis through equivalence classes [13]. Building on 
this, they further utilized granular-ball computing to eliminate 
the issue of heterogeneous propagation in traditional 
neighborhood rough sets, enabling the neighborhood rough 
set approximations to be represented using equivalence 
classes. This work established a unified model representation 
for Pawlak rough sets and neighborhood rough sets, achieving 
the first adaptive equivalence class representation of rough 
sets for continuous attributes [14]. 
2.1.1. Ball k-means 

Shuyin Xia and Guoyin Wang further incorporated 
spherical clustering into the K-means algorithm, developing 
a simple and fast K-means clustering method called "ball K-
means" [12], which uses granular-ball to describe each cluster 
and improves efficiency by reducing unnecessary distance 
calculations between data points and cluster centers. The 
algorithm adopts a neighbor search strategy to identify 
neighbor clusters for each cluster, allowing data points to 
compute distances only to adjacent cluster centers. Each ball 
is divided into a "stable region" and an "active region," where 
data points in the stable region remain unchanged throughout 
iterations, while those in the active region may adjust between 
neighbor clusters. By minimizing Euclidean distance 
calculations between ball centers in each iteration, the balls 
gradually stabilize over time. Using hyperspherical 
quantization to cluster the space yields more accurate 
neighborhood relationships without requiring additional 
parameters and eliminates the computational overhead of 
individual samples found in existing acceleration algorithms 
[5] 

Ball k-means diverges from existing state-of-the-art k-
means algorithms that rely on adjusting upper and lower 
bounds for individual samples, eliminating the need to 
maintain bounds for each sample, achieving a more precise, 
straightforward, and adaptive computation process. The 
overall algorithm is simple yet highly efficient. 

2.2. Few-shot Learning 
The goal of few-shot learning [15] is to develop a classifier 

that can generalize well to new classes with only limited 
labeled samples for each class [16]. To address this problem, 
researchers have proposed various methods, mainly 
categorized into metric learning [17] and meta-learning. 
Metric learning focuses on learning to measure the similarity 
between pairs of samples, assigning higher scores to similar 
pairs and lower scores to dissimilar pairs, Such as Matching 
Networks (MN) [18], Prototypical Networks (PN) [19], and 
Relation Networks (RN) [20] and so on [21-23]. Meta-
learning [24-25] emphasizes cross-task learning, where all 
tasks follow the same paradigm. It adapts to new tasks not at 
the sample level but at the task level, learning a task-agnostic 
rather than task-specific model, Among them, MAML [26] 
and Reptile [27] are two classical methods, while other 
methods are variants derived from them [28-31]. Metric 
learning can be considered a specialized form of meta-
learning, where similarity measurement across tasks allows 
the results to be transferred between tasks. Both approaches 
have achieved notable success in few-shot image 
classification but have yet to address the fundamental 
challenge of limited training data in this domain. However, 
both methods face challenges related to limited training data 
and poor robustness. [32-33] 

3. Model 
The ball k-means algorithm has been adapted to address the 

requirements of few-shot image classification tasks. In this 
modified version, initial cluster centers are determined not by 
random selection as in traditional k-means methods, but by 
using prototypes during the initial spherical clustering of the 
query set. To determine whether samples in the active region 
need to be relocated, the correlation between a sample and 
neighbor cluster centers is computed instead of measuring the 
Euclidean distance between them. Furthermore, during the 
iteration process, upper-level cluster centers and samples 
propagate to the lower level until the iteration is complete, 
resulting in stable cluster centers. Ultimately, granular-ball 
prototypes are obtained by merging the prototypes and cluster 
centers through weighted fusion. The Euclidean distance is 
computed between the query set samples and the prototypes, 
employing a nearest-neighbor assignment technique for 
classifying the samples. The Fig. 1 presents the overall 
architecture of the model, elucidating the entire process.  

 
Fig. 1 Granular-ball Prototypical Network 

The architecture of the granular-ball prototype network, 
taking 3-way 3-shot as an example, the query set samples are 
partitioned into 3 clusters based on prototypes. Using the 

granular algorithm, 3 stable cluster centers are obtained, 
which are then fused with the prototypes to derive granular 
prototypes. Finally, classification is performed based on these 
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prototypes. 

3.1. Problem Definition 
Due to the scarcity of labeled samples, few-shot 

classification often leads to overfitting. Employing cross-task 
training mechanisms after Matching Networks, such as 
Prototypical Networks and Relation Networks, using meta-
learning training strategies has proven to be effective in 
mitigating overfitting. The dataset for meta-learning is split 
into training and testing subsets. From the training data, a 
random selection of N classes and K labeled samples per class 
are taken to form the support set, which is used to construct 
each meta-learning task, known as the N-way K-shot task. A 
subset of samples is then drawn from the remaining samples 
of the selected Nclasses to form the query set. By learning 
across a series of distinct meta-learning tasks, the model 
learns to distinguish the N classes and predict the query set 
data. During testing, the test data, divided into support and 
query sets, is fed into the model to classify images in the query 
set. 

The support set S, query set Q, and meta-learning task T 
are defined as follows.  

𝑆𝑆 = {(𝑋𝑋𝑖𝑖 ,𝑦𝑦𝑖𝑖)}𝑖𝑖=1𝑁𝑁×𝐾𝐾               (1) 
𝑄𝑄 = ��𝑋𝑋�𝑖𝑖 ,𝑦𝑦�𝑖𝑖��𝑖𝑖=1

𝑁𝑁×𝑞𝑞
               (2) 

𝑇𝑇 = {(𝑆𝑆𝑖𝑖 ,𝑄𝑄𝑖𝑖)}𝑖𝑖=1𝑚𝑚                 (3) 
𝑋𝑋𝑖𝑖 ,𝑋𝑋�𝑖𝑖 ,𝑦𝑦𝑖𝑖 and 𝑦𝑦�𝑖𝑖 respectively denote the samples from the 

support set, the samples from the query set, and their 
respective labels, N denotes the number of sample categories, 
K indicates the number of samples per class in the support set, 
q represents the number of samples per class in the query set, 
m specifies the number of meta-learning tasks. 

3.2. Granular-ball Prototypical Network 
We integrate the particle-sphere algorithm with image 

processing using a few-shot learning approach to develop a 
Granular-Ball Prototypical Network (GBPNet), divides the 
query sets into multiple spherical clusters. By iteratively and 
adaptively updating the cluster centers, stable centers are 
combined with the prototypes obtained from the mean values 
of the support sets through weighted fusion, creating 
granular-ball prototypes that are more characteristic of each 
class. The Euclidean distance between each sample in the 
query set and these prototypes is then calculated, and 
classification is conducted based on the nearest-neighbor 
assignment principle. 
3.2.1. Division of initial clusters 

The prototype network employs an encoder (such as a 
convolutional neural network) to embed the features of the 
support and query set samples, where refers to the parameters 
of the encoder. The prototype is formed by calculating the 
average of the feature vectors from samples within class i of 
the support set, as given by the following formula: 

The colored dots indicate their respective classes, while 
triangles represent computed cluster centers. It can be 
observed that some samples have been incorrectly assigned to 
different classes. 

𝑃𝑃𝑗𝑗 = 1
�𝑆𝑆𝑗𝑗�

∑ 𝑓𝑓𝜃𝜃(𝑋𝑋𝑗𝑗)(𝑋𝑋𝑗𝑗,𝑦𝑦𝑗𝑗)∈𝑆𝑆𝑗𝑗        (4) 

j represents the collection of samples from class j in the 
support set, while 𝑋𝑋𝑗𝑗 refers to the feature vectors of support 
set samples obtained through the embedding function. 

To determine the initial spherical cluster partitioning, 
assign each query set sample to the nearest prototype as 

shown below: 
𝑏𝑏(𝑋𝑋�𝑖𝑖) = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑗𝑗=1,...,𝑘𝑘{ 𝑑𝑑(𝑓𝑓𝜃𝜃(𝑋𝑋�𝑖𝑖),𝑃𝑃𝑗𝑗)}     (5) 

𝑏𝑏(𝑋𝑋�𝑖𝑖) is the conditions satisfied by the query set sample 
distribution, and (𝑓𝑓𝜃𝜃(𝑋𝑋�𝑖𝑖),𝑃𝑃𝑗𝑗)  indicates the Euclidean 
distance between the prototype of class j and the feature 
vector from a sample in the query set. 

 
Fig. 2 Initialization of spherical clusters 

3.2.2. Definition of spherical cluster 
The query set samples are initially divided into k clusters 

based on the prototypes, with each cluster representing 
information about the corresponding class in the query set. 
For obtaining more accurate information, cluster centers 
undergo adaptive iteration. This process relies on the 
definition of a ball, where the structure of a ball is 
characterized by its radius and centroid. The clusters radius 
and centroid define the cluster itself, which is referred to as a 
spherical cluster. During subsequent iterations, both the 
radius and centroid are updated. The initialization of the 
spherical clusters is shown in Fig.2. The formula is shown 
below: 

𝑐𝑐𝑗𝑗𝑡𝑡 =

�

1
�𝑄𝑄𝑗𝑗�

∑ {𝑓𝑓𝜃𝜃(𝑋𝑋�𝑖𝑖)|𝑏𝑏(𝑋𝑋�𝑖𝑖) = 𝑗𝑗}(𝑋𝑋�𝑖𝑖,𝑦𝑦�𝑖𝑖)∈𝑄𝑄𝑗𝑗                         , 𝑡𝑡 = 0
1

�𝑄𝑄𝑗𝑗�+1
(∑ ({𝑓𝑓𝜃𝜃(𝑋𝑋�𝑖𝑖)|𝑏𝑏(𝑋𝑋�𝑖𝑖) = 𝑗𝑗}) + 𝑐𝑐𝑗𝑗𝑡𝑡−1)(𝑋𝑋�𝑖𝑖,𝑦𝑦�𝑖𝑖)∈𝑄𝑄𝑗𝑗 , 𝑡𝑡 > 0 

,

𝑟𝑟𝑗𝑗𝑡𝑡 = 𝑚𝑚𝑚𝑚𝑚𝑚(𝑑𝑑(𝑓𝑓𝜃𝜃(𝑋𝑋�𝑖𝑖), 𝑐𝑐𝑗𝑗𝑡𝑡))(6) 
t is the number of iterations, refers to the set of samples in 

class j within the query set, and 𝑓𝑓𝜃𝜃(𝑋𝑋�𝑖𝑖) represents the feature 
vector obtained by the embedding function of the query set 
samples. 
3.2.3. Definition of neighbor clusters 

For samples that are far from the centroid of spherical 
cluster i, calculating their distance to the centroid only 
increases the computational load. By adopting a method to 
find neighbor clusters to spherical cluster i, the workload of 
distance calculations can be reduced. In subsequent iterations, 
only the distances between the centroids and the samples in 
the neighbor clusters are computed, rather than distances to 
samples in all clusters centorids, thereby reducing the number 
of distance calculations between samples and the centroids. A 
cluster qualifies as a neighbor cluster to spherical cluster i if 
it meets the following conditions and the neighbor cluster 
division is as Fig.3: 

1
2
�𝑑𝑑�𝑐𝑐𝑖𝑖 , 𝑐𝑐𝑗𝑗�� < 𝑟𝑟𝑗𝑗 , 𝑖𝑖 = 1, . . . , 𝑘𝑘 𝑎𝑎𝑎𝑎𝑎𝑎 𝑖𝑖 ≠ 𝑗𝑗     (7) 

From condition (4), its evident that the mutual ne ighbor 
relationship is asymmetrical. Therefore, as depicted in the 
diagram, any two spherical clusters i and j conform to one of 
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the specified relationships: 
①Spherical clusters i and j are mutual neighbors ( such as 

𝑐𝑐5 and 𝑐𝑐1). 
②Spherical cluster i is a neighbor of j, while j is not a 

neighbor of i ( such as 𝑐𝑐1 and 𝑐𝑐2, 𝑐𝑐1 and 𝑐𝑐3 ). 
③No mutual neighbor relationship exists between them 

( such as 𝑐𝑐1 and 𝑐𝑐4 ). 

 
Fig. 3 Neighbor cluster division 

The yellow dashed line represents the distance between 
cluster centers, while the red dashed line perpendicular to this 
distance represents half of that distance. In terms of the 
relationship between lines and circles, the red dashed line 
intersects with the circle to indicate adjacency between 
spherical clusters. 

 
Fig. 4 Stable spherical clusters 

This situation arises when searching for neighboring 
clusters, and represents the state after each coarse adaptive 
iteration update. 
3.2.4. Division of spherical cluster regions 

A spherical cluster with neighbor clusters indicates that its 
assigned sample points can be relocated. We need to further 
determine the direction in which the sample points should 
move. The region of spherical cluster i is divided into a stable 
region and an active region based on half the distance between 
its centroid and the centroids of neighbor clusters. Sample 
points within the stable region are excluded from the 
correlation assessment with neighbor clusters during 
subsequent iterations. If the following formula is met, the area 
is considered a stable region and as shown Fig.4: 

ℜ𝐶𝐶
0 = 1

2
𝑚𝑚𝑚𝑚𝑚𝑚(𝑑𝑑(𝑐𝑐𝑖𝑖 , 𝑐𝑐𝑗𝑗))𝑐𝑐𝑗𝑗∈{𝑁𝑁𝐶𝐶𝑖𝑖}

       (8) 
When a spherical cluster has no neighbor clusters, its stable 

region equals the entire spherical cluster. The annular area 
outside the stable region is referred to as the active region. 
The active region is subdivided into neighboring annular 
areas, each associated with a corresponding nearest neighbor 
cluster. The number of neighboring annular areas matches the 
number of neighbor clusters. Sample points located in any 
annular region of spherical cluster i can only move within that 
cluster or among its first i neighbor clusters. The Fig.5 shows 
how each globular cluster divides its region according to its 
neighbors If condition (10) is met, the sample point should be 
moved to neighbor cluster j: 

ℜ𝐶𝐶
𝑖𝑖 =

�
1
2
𝑑𝑑(𝑐𝑐𝑖𝑖 , 𝑐𝑐𝑗𝑗) < 1

2
𝑑𝑑(𝑓𝑓𝜃𝜃(𝑋𝑋�𝑖𝑖), 𝑐𝑐𝑖𝑖) < 1

2
𝑑𝑑(𝑐𝑐𝑖𝑖 , 𝑐𝑐𝑗𝑗+1),0 < 𝑗𝑗 < 𝑘𝑘 ,

1
2
𝑑𝑑(𝑐𝑐𝑖𝑖 , 𝑐𝑐𝑗𝑗) < 1

2
𝑑𝑑(𝑓𝑓𝜃𝜃(𝑋𝑋�𝑖𝑖), 𝑐𝑐𝑖𝑖) < 𝑟𝑟𝑖𝑖 ,                            𝑗𝑗 = 𝑘𝑘,

  (9) 

𝑓𝑓𝜃𝜃�𝑋𝑋�𝑖𝑖� · 𝑐𝑐𝑖𝑖 < 𝑓𝑓𝜃𝜃�𝑋𝑋�𝑖𝑖� · 𝑐𝑐𝑗𝑗          (10) 
ℜ𝐶𝐶
𝑖𝑖  represents the i annular region, while ℜ𝐶𝐶

0  denotes the 
stable region. 
3.2.5. Prediction of neighbor clusters during iteration 

The above definitions of neighbor clusters and the division 
of spherical cluster regions aim to reduce the number of 
calculations between sample points and centroids. Predicting 
neighbor clusters helps minimize the number of centroid-to-
centroid distance calculations during the iterative process. 
Neighbor clusters are predicted based on the relationships 
computed for spherical cluster i in the previous iteration. If 
the following conditions are met, spherical cluster j is not a 
neighbor cluster of spherical cluster i in the current iteration, 
and the distance calculation between them can be omitted: 

𝑑𝑑(𝑐𝑐𝑖𝑖𝑡𝑡−1, 𝑐𝑐𝑗𝑗𝑡𝑡−1) ≥ 2𝑟𝑟𝑖𝑖𝑡𝑡 + 𝑑𝑑(𝑐𝑐𝑖𝑖𝑡𝑡−1, 𝑐𝑐𝑖𝑖𝑡𝑡) + 𝑑𝑑(𝑐𝑐𝑗𝑗𝑡𝑡−1, 𝑐𝑐𝑗𝑗𝑡𝑡)  (11) 

 
Fig. 5 Annular region partitioning 

During the iteration process, samples within the green 
dashed line do not move. Samples between the yellow dashed 
line and the green dashed line only move within their own 
circle around the green cluster center. Samples outside the 
yellow dashed line are allowed to move within any of the 
three circles. 
3.2.6. Granular-ball prototype 

After the iterations conclude, the centroid of each spherical 
cluster can accurately represent the sample information of 
each class in the query set. The support set provides only one 
or a few samples, so the resulting prototypes may not fully 
capture each classs information. Weighted fusion of the 
spherical cluster center and the prototype of the support set is 
performed to construct a spherical prototype that that more 
closely aligns with the category characteristics: 

𝑐𝑐𝑗𝑗∗ = 𝛼𝛼𝑃𝑃𝑗𝑗+(1 − α)𝑐𝑐𝑗𝑗              (12) 
𝛼𝛼 represents the weight parameter, which changes with the 

number of training times. 
After obtaining the granular-ball prototype, compute the 
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softmax of the Euclidean distance between the query set 
samples and the granular-ball prototype to obtain the 
assignment matrix: 

𝐴𝐴𝑖𝑖𝑖𝑖 =
𝑒𝑒𝑒𝑒𝑒𝑒�−𝑑𝑑(𝑓𝑓𝜃𝜃(𝑋𝑋�𝑖𝑖),𝐶𝐶𝑗𝑗

∗)�

∑ 𝑒𝑒𝑒𝑒𝑒𝑒𝑁𝑁
𝑗𝑗=1 �−𝑑𝑑(𝑓𝑓𝜃𝜃(𝑋𝑋�𝑖𝑖),𝐶𝐶𝑗𝑗

∗)�
           (13) 

By computing cross-entropy, the discrepancy between the 
predicted model results and the actual  

labels can be quantified. The smaller this value, the closer 
the prediction is to the true labels, and vice versa, a larger 
discrepancy indicates a more significant difference: 

𝐿𝐿(𝜃𝜃) = − 1
𝑀𝑀∗𝑁𝑁

∑ ∑ (𝑁𝑁
𝑗𝑗=1

𝑀𝑀
𝑖𝑖=1 𝑌𝑌�𝑖𝑖𝑖𝑖𝑙𝑙𝑜𝑜𝑔𝑔𝐴𝐴𝑖𝑖𝑖𝑖)       (14) 

𝑌𝑌�𝑖𝑖𝑖𝑖 represents the true label matrix, while M denotes the 
number of samples in the query set. 

4. Experiment 
4.1. Data Set 

The granular-ball prototype network was evaluated across 
two datasets, tieredImageNet and miniImageNet, and 
compared to classical networks. 
4.1.1. MiniImageNet 

The miniImageNet dataset is a widely recognized 
benchmark used in few-shot learning research. It was initially 
introduced by Vinyals et al. in 2016 for their matching 
networks model and is derived from the larger ImageNet 
dataset, specifically ILSVRC-12. Key features of 
miniImageNet include: 

Classes and Samples: It comprises 100 classes, each 
containing 600 images, resulting in a total of 60,000 images. 

Image Size: All images have been resized to 84×84 pixels. 
Training, Validation, Testing Split: The dataset is typically 

divided into 64 classes for training, 16 for validation, and 20 
for testing, based on the division provided by Ravi and 
Larochelle in 2017. 

Due to its challenging classification task with limited 
training samples per class, it has become one of the most 
widely used benchmarks for developing and evaluating few-
shot learning models. 
4.1.2. TieredImageNet 

The tieredImageNet dataset is a large-scale benchmark 
designed for few-shot learning tasks. It was introduced by 
Ren et al. in 2018 to provide a more challenging and realistic 
setting. Here are some key characteristics: 

Classes and Categories: The dataset includes 608 classes 
grouped into 34 broader, higher-level categories, based on the 
hierarchical structure of ILSVRC-12. This grouping helps 
ensure that training and testing classes are semantically 
disjoint, making the classification task more challenging. 

Splits: The classes are divided into subsets as follows: 
Training: 20 categories containing 351 classes. 
Validation: 6 categories containing 97 classes. 
Testing: 8 categories containing 160 classes. 
Image Size: All images are resized to 84×84 pixels. 
The hierarchical nature of the dataset ensures that the 

classes in the training set do not overlap with those in the 
testing set, allowing for a more robust assessment of few-shot 
learning models generalization abilities.  

4.2. Experimental configuration 
The effectiveness of the approach was demonstrated by 

employing an identical network structure as used in 
conventional models. The encoder specifically consists of 
four convolutional blocks, where each block contains a 3 × 3 

convolution with 64 filters, followed by batch normalization, 
ReLU nonlinearity and 2 × 2 max pooling ization, collectively 
referred to as "conv-64F". In accordance with the episodic 
training mechanism, N-way K-shot training episodes were 
sampled to replicate the N-way K-shot testing tasks. Our 
method was evaluated with a 5-way configuration, including 
5-shot and 1-shot setups. For all configurations, 15 query 
samples were used, and the mean accuracy was determined 
from more than 2000 testing episodes. The experiments were 
carried out using PyTorch on an NVIDIA V100 GPU. All 
models were optimized with Adam, starting with a learning 
rate of 0.001. For both miniImageNet and tieredImageNet 
datasets, we constructed 200 episodes to train our granular-
ball prototype network, reducing the learning rate by half 
every 20 epochs. 

4.3. Experimental results 
 

Table 1. Accuracy in few-shot classification on 
miniImageNet 

Model backbone 5-way 1-shot 5-way 5-shot 
MN [18]  Conv-64F 43.56 55.31 
SSL [34] Conv-64F 50.60 65.71 
RN [20]  Conv-64F 50.44 65.32 
MAML [26]  Conv-64F 48.70 63.11 
PN [19]  Conv-64F 49.20 66.20 
Reptile [27]  Conv-64F 49.97 65.99 
FEAT [35]  Conv-64F 51.05 67.53 
HFFCR [23]  Conv-64F 51.79 65.74 
CGRN [22] Conv-64F 50.85 64.13 
Bayesian [36]  Conv-64F 50.02 65.48 
BOIL [37] Conv-64F 49.61 65.44 
ECMT [38]  Conv-64F 49.07 65.73 
LMPNet [39] Conv-64F 49.87 67.56 
GBPNet Conv-64F 52.32 67.90 

 
Table 2. Accuracy in few-shot classification on 

tieredImageNet 
Model backbone 5-way 1-shot 5-way 5-shot 
MN [18]  Conv-64F 42.10 50.04 
SSL [34] Conv-64F 52.93 71.71 
RN [20]  Conv-64F 53.18 69.38 
MAM [26]  Conv-64F 49.56 70.30 
PN [19]  Conv-64F 50.32 69.42 
Reptile [27]  Conv-64F 52.36 71.03 
FEAT [35]  Conv-64F 51.93 69.58 
CGRN [22]  Conv-64F 53.54 70.53 
BOIL [37] Conv-64F 49.35 69.37 
ECMT [38]  Conv-64F 48.19 65.50 
LMPNet [39]  Conv-64F 47.50 72.16 
DCAP [40] Conv-64F 53.51 70.78 
GBPNet Conv-64F 53.78 71.24 
 
To ensure a fair comparison with the most classical 

networks, we reimplemented the above methods based on the 
experimental settings reported in the miniImageNet and 
tieredImageNet papers. The experimental results can be found 
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in Tables 1 and 2. For the miniImageNet dataset, in the 5-way 
1-shot and 5-way 5-shot configurations, the parameter was set 
to epoch×0.005 and epoch/50×0.2, respectively. For the 
tieredImageNet dataset, was set to epoch×0.005 and 
epoch/20×0.1, respectively. The parameters were adjusted 
with increasing episodes to obtain the optimal values. The 
experimental results are shown in Table 1 and Table 2. 

4.4. Ablation experiment 
Directly incorporating the granular-ball algorithm into few-

shot classification yielded suboptimal accuracy, prompting us 
to adapt it for the few-shot classification task. ①The initial 
spherical clusters are divided based on prototypes rather than 
using the original k-means method. ②During each iterative 
computation of the cluster centroids, the feature vectors of 
centroids from the previous iteration are incorporated. ③
When determining whether a sample point should move to a 
neighbor cluster, correlation is used instead of comparing 
Euclidean distances. As Table 3 shown, the following ablation 
experiments were conducted on miniImageNet.  

Table 3. Accuracy in few-shot classification on 
MiniImagenet as each method is incrementally integrated 

into the model 

Model backbone 5-way 1-
shot 

5-way 5-
shot 

Ball K-means Conv-64F 44.62 61.58 
Ball K-means+② Conv-64F 44.67 61.12 
Ball K-means+③ Conv-64F 46.43 62.47 
Ball K-means+① Conv-64F 49.56 67.47 
Ball K-means+①

+② Conv-64F 51.68 67.37 

Ball K-means+①
+③ Conv-64F 51.15 67.17 

Ball K-means+①
+②+③ Conv-64F 52.32 67.90 

4.5. Efficiency and accuracy test 
We also compared the efficiency and accuracy of the 

original algorithm with our modified version. Efficiency was 
assessed by recording the number of iterations and time 
required for each centroid to stabilize, while accuracy was 
compared based on the final classification results. For 
example, in the 5-way 5-shot setting, the experimental results 
are shown in the Table 4.  

Table 4. Comparison of Efficiency and Accuracy on 
miniImageNet 

Model t time Acc 
Ball k-menas 4,5 0.1s 60.99 

GBPNet 2,3 0.06s 67.90 

4.6. Robustness test 
During the feature extraction process, images are 

transformed into feature vectors, but this process is prone to 
noise, which can introduce errors in the extracted features and 
lead to a significant decline in the accuracy of classification 
models, thereby compromising robustness. To assess the 
robustness of our proposed model, we introduced noise to the 
data. We extracted one sample point per class from the 
support set and added a fixed value to its feature vector, 
turning these samples into outliers for training. This approach 
allowed us to evaluate the robustness of our proposed method 
in comparison to the prototype network.  

 
Fig. 6 Comparative robustness 

In the line chart, both our model and the prototype network 
exhibit a downward trend in accuracy as the fixed value 
increases. The rate of decline effectively demonstrates the 
robustness of both models under the influence of noise. The 
prototype network shows a steep decline in accuracy with 
increasing noise, whereas our proposed model also decreases 
but at a more gradual slope, indicating better robustness in the 
granular-ball prototype network. 

As Fig. 6 shown that this difference arises because the 
prototype network is constructed by averaging the support set 
sample points, which means that outliers can skew the 
prototype, adversely affecting the classification capability of 
the network. On the other hand, although the granular-ball 
prototype network uses prototypes to initialize the spherical 
clusters of the query set, the cluster centroids are adaptively 
updated through subsequent iterations, reducing the impact of 
outliers introduced during initial partitioning. This adaptive 
updating strengthens the granular-ball prototype and is the 
key reason it demonstrates better robustness than the 
prototype network. 

5. Conclusion 
In this study, We integrate the ball k-means algorithm with 

image processing using a few-shot learning approach. The 
encoder module maps input samples into a low-dimensional 
embedding space, then preliminarily divides the query set 
samples into spherical clusters based on prototypes. For each 
spherical cluster, neighbor clusters are identified, active and 
stable regions are delineated. By iteratively updating the 
centroids through adaptive movement of samples between 
neighbor clusters within the active region, the centroids are 
adjusted until they reach a stable state. These centroids are 
then fused with the prototypes to form a robust granular-ball 
prototype that accurately represents the features of each class 
in the query set. Ultimately, the query set is classified 
according to the granular-ball prototype using the nearest-
neighbor classification method. Experimental results 
demonstrate that our method delivers superior classification 
performance.  

In our future work plan, we intend to integrate the ball k-
means algorithm with the field of image segmentation. 
Initially, we will perform preliminary clustering on pixel or 
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superpixel features, where each spherical cluster can 
represent different regions or segments within the image. 
Stable regions can be directly associated with distinct 
segmentation parts, while active regions will aid in refining 
segmentation boundaries. Iterative updates to the cluster 
centroids will enhance the accuracy and quality of the 
segmentation. 
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