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This year has seen significant advancements in deep learning, and fine-grained few-shot 
image classification (FGFSIC) has also made substantial progress. FGFSIC faces two key 
challenges: high intra-class variance and low inter-class variance, which hinder accurate 
classification with limited data. Despite considerable efforts to extract more 
discriminative features using powerful networks, few studies have specifically addressed 
these challenges. This paper proposes a Spatial Multi-Scale Feature Transformer 
Network to overcome these issues. The approach first modifies the backbone network to 
extract multi-scale features, with classification results derived from comparing these 
multi-scale representations. Additionally, a Spatial Feature Transformer network is 
introduced to adjust the spatial positions of multi-scale features, which helps to reduce 
intra-class variance. Experiments were conducted on three widely used datasets—CUB-
200-2011, Stanford Cars, and Stanford Dogs. The results demonstrate that both 
components of the proposed model significantly enhance FGFSIC performance, with 
final accuracies surpassing those of most existing methods. The findings emphasize the 
effectiveness of the proposed approach in tackling the critical issues of high intra-class 
variance and low inter-class variance, making it a promising solution for fine-grained 
image classification tasks, particularly in situations where only limited data is available. 
This work paves the way for improved performance in real-world applications requiring 
precise, few-shot learning in fine-grained domains. 
 

Contribution/Originality: This study introduces a Spatial Multi-Scale Feature Transformer Network designed 

to address the primary challenges of Fine-Grained Forest Species Identification and Classification (FGFSIC): high 

intra-class variance and low inter-class variance. The utilization of multi-scale features enhances inter-class variance, 

enabling better differentiation among species. Simultaneously, the spatial transformer reduces intra-class variance by 

aligning features within the same class, leading to more consistent representations.  

 

1. INTRODUCTION 

With the rapid development of deep learning in recent years, significant breakthroughs have also been made in 

the field of computer vision. As an essential area within computer vision, fine-grained few-shot image classification 

(FGFSIC) has presented numerous development opportunities. Fine-grained image classification (FGIC) involves 

distinguishing between categories within the same super-class but belonging to different subordinate classes. FGIC 

aims to differentiate closely related categories, such as various dog breeds, bird species, or car models. For example, 

while both the Alaskan Malamute and the Alaskan Husky belong to the same super-class dogs they represent different 

subordinate classes. As illustrated in Figure 1, FGIC focuses on classifying different bird species, all of which belong 

to the same super-class, bird. 
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Figure 1. The difference between traditional fine-grained image classification 
and fine-grained few-shot image classification. 

 

FGFSIC is a type of FGIC that operates under more constrained conditions, where only a few images per class 

are available for training. The difference between FGIC and FGFSIC is illustrated in Figure 1: While FGIC typically 

has abundant samples for each class, FGFSIC must learn to classify categories with minimal examples. This presents 

greater challenges, as it requires overcoming the inherent difficulties of fine-grained classification with sparse data. 

The main challenge of FGFSIC is addressing the problem of high intra-class variance and low inter-class variance 

with limited data. Low inter-class variance is caused by fine-grained images being too similar to each other, while 

high intra-class variance results from differences in pose, background, viewpoint, and other factors. These issues 

significantly affect the final classification performance. To address the low inter-class variance problem, some works 

[1, 2] employ complex networks to extract more discriminative features and better distinguish fine-grained images. 

However, these methods fail to resolve the high intra-class variance issue. Other studies, Huang et al. [3] and Huang 

et al. [4], have attempted to address high intra-class variance by aligning the features of query and support images. 

Nevertheless, neither of these two types of methods addresses both high intra-class variance and low inter-class 

variance comprehensively. Based on these observations, this paper proposes a Spatial Multi-Scale Feature 

Transformer Network, which exploits multi-scale features to enhance feature discriminativeness and learns a Spatial 

Transformer Network to adjust the spatial positions of multi-scale features. The use of multi-scale features increases 

inter-class variance, while the Spatial Transformer Network refines the structure of extracted features, thereby 

reducing intra-class variance. The main contributions of this paper are summarized as follows: 

1) This paper proposes the use of multi-scale features to enhance the discriminativeness of extracted features and 

increase inter-class variance, thereby improving classification accuracy. 

2) A Spatial Transformer Network is employed to reduce high intra-class variance, making images from the same 

class easier to recognize. 

3) The proposed method is evaluated on three widely used fine-grained few-shot image classification datasets. 

Experimental results demonstrate that our approach effectively improves classification performance and 

outperforms several recent state-of-the-art methods. 

  

2. RELATED WORK 

2.1. Few-Shot Learning 

Few-shot learning involves learning models that can efficiently learn and make accurate predictions using only 

a small number of samples. There are several types of few-shot learning methods: metric-based methods, 

optimization-based methods, and augmentation-based methods. There are several famous metric-based methods, 

including prototypical networks [5], relation networks [6], and matching networks [7]. They all aim to learn a 

metric space where image features from the same class cluster together while image features from different classes 

are separated. A prototypical network [5] is proposed to calculate the Euclidean distance between the query features 
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and support prototypes, which are the means of the features from the same class of the support images. A relation 

network [6] compares query features with each support feature to learn a Cosine distance, which is used to form the 

final prediction. The matching network [7] is based on concepts from metric learning, utilizing external memory to 

enhance the network and improve its learning capabilities. 

MAML [8] is an optimization-based method, and its main idea is to train a set of initial parameters, enabling the 

model to achieve fast convergence with only a small amount of data by relying on these initial parameters. Latent 

Embedding Optimization [9] is a meta-learning framework that, instead of directly optimizing model parameters for 

each task, optimizes a latent embedding space that indirectly generates those parameters via a decoder or generator. 

It adapts to new tasks by optimizing in a latent space rather than a parameter space, thereby reducing overfitting 

when data is scarce. 

Augmentation-based methods can generate additional samples to enhance the accuracy of few-shot learning. 

MetaGAN [10] integrates a generative adversarial network (GAN) into the meta-learning pipeline to synthesize 

additional examples in feature space for novel classes, improving classification with very few samples. Hallucinating 

new examples by using a learned generator to produce plausible features for unseen classes is another augmentation-

based method, Hariharan and Girshick [11]. Wang et al. [12] extend the feature hallucination concept by 

introducing an adversarial learning framework, where a feature hallucinator generates new features, and the 

discriminator ensures their plausibility [13]. 

Among the three categories of methods, metric-based approaches are particularly popular and serve as the 

primary focus of this study. This preference is attributed to their simplicity, ease of implementation, and 

interpretability. Metric-based methods perform classification by measuring the distances between support and query 

embeddings. Furthermore, they eliminate the need for complex fine-tuning of model parameters during the testing 

phase—requiring only feature embedding extraction and similarity computations. These methods also enable rapid 

inference on new tasks without the necessity for retraining or adaptation loops. By directly computing support set 

prototypes and comparing them to query samples, metric-based approaches achieve high efficiency, making them 

especially suitable for real-time or online few-shot learning applications. 

 

2.2. Fine-Grained Image Classification 

Fine-grained image classification (FGIC) aims to classify images into subordinate categories that belong to the 

same super-class. Since these categories share the same super-class, they are often very similar and difficult to 

distinguish. Early works [14, 15] typically relied on part annotations or bounding boxes to extract more 

discriminative features for FGIC. However, these methods are labor-intensive, time-consuming, and require 

additional annotations. 

With the advancement of deep learning, alternative approaches that do not depend on part annotations have been 

proposed. These methods are generally referred to as deep learning-based approaches [1, 7, 16]. They primarily rely 

on specially designed networks to extract more discriminative features. These approaches can be further divided into 

two subfields: feature encoding-based methods and part localization-based methods. 

Feature encoding-based methods [1, 2, 8] focus on designing effective network architectures or modules to 

capture more discriminative and fine-grained visual features from the entire image. For example, bilinear CNN [1], 

compact bilinear pooling [2], and Attentional Kernel Encoding Networks [17] have been proposed to enhance 

feature representation at the global or local level. These methods improve the model's ability to distinguish between 

visually similar categories without requiring explicit part annotations. 

Part localization-based methods [18-20] aim to identify and localize informative object parts or regions that are 

crucial for distinguishing between fine-grained categories. These approaches typically involve learning to detect key 

parts of an object (e.g., the beak, wings, or tail of a bird) and then leveraging features extracted from these localized 

regions to enhance classification performance. 
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Feature encoding-based methods and part localization-based methods can address the key challenges of FGIC 

and achieve relatively higher accuracy. However, these methods typically rely on large, labeled datasets, which are 

difficult to obtain in real-world scenarios. Effectively utilizing existing data and learning from a limited number of 

samples remain significant challenges. 

 

2.3. Fine-Grained Few-Shot Image Classification 

Fine-grained few-shot image classification (FGFSIC) initially adopted a bilinear CNN to extract more 

discriminative features, while sub-classifiers were employed to reduce the number of parameters [21]. To further 

improve FGFSIC performance, LRPABN [3] was proposed to align corresponding regions between query and 

support images spatially. CPSN [22] compares images at the patch level, focusing on local discriminative regions—

a crucial approach for fine-grained tasks where subtle visual cues are essential. Performing patch-wise similarity 

comparisons effectively reduces the influence of irrelevant background areas by emphasizing regions with high 

similarity and down-weighting uninformative patches. TOAN [4] performs target-oriented alignment between 

query and support images, ensuring that corresponding semantic or spatial regions are accurately matched. 

Meanwhile, long-short-range alignment [23] enables the model to handle part misalignments, occlusions, and 

viewpoint changes by flexibly aligning semantically similar regions, regardless of their spatial position in the image. 

All these models focus on reducing misalignment between query and support images, which helps decrease high 

intra-class variance. However, they often overlook the importance of increasing low inter-class variance. MattML 

[24] addresses this by capturing multi-level discriminative features that help distinguish subtle inter-class differences 

in fine-grained images. Results show that addressing only one of these challenges is insufficient to achieve very high 

accuracy. To this end, a spatial multi-scale feature transformer network is introduced to tackle both problems 

simultaneously and further boost performance. 

 

3. METHODOLOGY 

This section primarily introduces the proposed method of the spatial multi-scale feature transformer network. It 

begins with an overview of the problem. The multi-scale feature extraction and the spatial multi-scale feature 

transformer are explained to demonstrate how to address the issues of high intra-class variance and low inter-class 

variance. The entire process is illustrated in Figure 2. 

 

Figure 2. The framework of the proposed method. The original images are input into the backbone to extract multi-scale 
features, which are then used to learn an affine transformation matrix that adjusts the spatial positions of the multi-scale 
features. After the transformation, the refined multi-scale features are used to compute similarity scores across three scales. 

 

3.1. Problem Definition 

This research primarily focuses on N-way K-shot learning. This is a type of few-shot learning where the data is 

limited to N classes, and each class has K images. 
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The dataset in few-shot learning is typically divided into a training set, a validation set, and a test set, which are 

disjoint from each other. Usually, the test set is divided into a support set and a query set. The query images are used 

to compare with the support images to obtain the predicted labels. To minimize the loss and enable rapid model 

adaptation (As in Vinyals et al. [7]), the training set and validation set are also divided into support and query sets. 

The training, validation, and test procedures are implemented in multiple episodes. Each episode randomly selects 

N×K images as support images and some query images to update the model parameters. After many episodes, the 

model parameters can stabilize. This is referred to as the episodic training mechanism [7]. 

 

3.2. Multi-Scale Feature Extraction 

Most recent works [3, 4] rely solely on global features for classification. However, this approach is insufficient 

for fine-grained image classification, which requires extracting more discriminative information from the original 

images. When the backbone network is fixed, the global feature extraction is also limited. Therefore, exploring how 

to extract richer information based on the same backbone is a crucial direction for enhancing FGFSIC performance. 

By analyzing the main backbones used in FGFSIC, it can be observed that the intermediate outputs of the backbone 

contain valuable local features that are beneficial for improving classification accuracy. Retaining these intermediate 

(multi-scale) features can enhance the discriminative power of the extracted representations. One possible approach 

to leveraging these multi-scale features is to compare and combine information from different scales to produce the 

final prediction. 

 

 
Figure 3. The difference between the original backbone (a) and the multi-scale feature extracted backbone (b). 

 

As illustrated in Figure 3, the multi-scale feature extraction backbone generates additional outputs by retaining 

the intermediate results of the original backbone. As a result, the final production of the backbone consists of multiple 

feature maps at different scales, denoted as {𝐹1, 𝐹2 … 𝐹𝑛}. In this paper, Conv64 is used as the backbone, which 

produces four intermediate feature maps. Among these, three are selected for use, referred to as {𝐹1, 𝐹2, 𝐹ଷ}, where 

𝐹1 (Blue) represents the minor scale and 𝐹ଷ (Green) represents the most enormous scale. 

 

3.3. Spatial Multi-Scale Feature Transformer 

The extracted features from different scales share a common problem: high intra-class variance. Different poses 

and viewpoints, among other factors, primarily cause this issue. If we can learn a network to automatically transform 

the features' spatial positions and reduce the effects of different poses, this can effectively improve the performance of 

FGFSIC. 

Our activation is based on the Spatial Transformer Network [25], which enables a network to learn how to 

manipulate the spatial positioning of features within itself. The core idea is to introduce a learnable module that 

predicts an affine transformation matrix, which is then used to establish a spatial mapping between the input feature 
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map and an adjusted, transformed feature map. An affine transformation is defined by six parameters that control 

scaling, translation, and rotation, enabling spatial adjustments that conventional CNNs typically find difficult to 

manage effectively [25]. 

[
𝑥′

𝑦′] =[𝑎    𝑏
𝑐    𝑑

] [
𝑥
𝑦] + [

𝑒
𝑓]  (1) 

As is illustrated in function 1, (𝑥, 𝑦) represents the original coordinates of a pixel, while (𝑥ᇱ, y′) denotes the new 

coordinates after an affine transformation, which is parameterized by six values: a to f. The entire process is shown in 

Figure 4. The input feature map is first used to predict the affine transformation parameters, and these parameters, 

along with the input feature map, are then used to generate an output feature map with spatial positions adjusted 

accordingly. 

 

 
Figure 4. Feature affine transformation process. 

 

Since there are multiple scales of features, three different affine transformations would traditionally be required 

to transform these features. However, to avoid conflicts among different transformations and further improve 

accuracy, this paper proposes a Spatial Multi-Scale Feature Transformer to learn a unified transformation scheme for 

multi-scale features. In other words, for the three scales of features, only a single affine transformation is computed. 

As shown in Figure 5, the affine transformation matrix is predicted based on the middle-scale feature (Indicated by 

the red one). Subsequently, the three feature maps are resized to a consistent spatial size using two convolutional 

layers. Finally, the shared affine transformation is applied, aligning the original multi-scale features into a new, 

spatially consistent set of multi-scale features. 

 

 
Figure 5. Spatial multi-scale feature transformer. 

 

The spatial multi-scale feature transformer reduces intra-class variance by addressing spatial differences and 

prevents conflicts from multiple independent transformations that could negatively impact accuracy. To further 
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improve FGFSIC performance, channel and spatial attention mechanisms are introduced to emphasize important 

feature regions and alleviate the problem of high intra-class variance. 

 

3.4. Loss Function 

This paper adopts the cross-entropy loss function. The loss function for each layer in the N-way K-shot setting 

is formulated as follows: 

ℒ𝑎 = − ∑ ∑ 𝑦𝑖𝑐𝑙𝑜𝑔𝑁
𝑗=1

𝑀
𝑖=1 (ℎ𝜃(𝑥𝑖)𝑐)  (2) 

Where a = 1,2, 3 means the number of different feature scales, N is the number of categories, and M is the number 

of samples. 𝑦𝑖𝑐 is the one-hot encoded target value for a sample. And ℎ𝜃(𝑥𝑖)𝑐 is the predicted probability that the 

observed sample 𝑥𝑖 belongs to category c. The predicted probability of this paper can be calculated by the similarity 

score between query features and support prototypes, measured by Euclidean distance. 

The total loss function can be formulated as: 

ℒ
𝑡𝑜𝑡𝑎𝑙  =  𝛼ℒ

1  +  𝛽ℒ
2  +  (1 −  𝛼 −  𝛽)ℒ

3      (3) 

Where 𝛼, 𝛽 are parameters within a range of [0,1] and 𝛼 + 𝛽 ≤ 1. 

 

4. EXPERIMENT 

4.1. Dataset 

Three popular datasets CUB-200-2011, Stanford Cars, and Stanford Dogs are used in the experiment to validate 

the effectiveness of the proposed method. 

The CUB-200-2011 dataset comprises 11,788 images from 200 bird species, featuring detailed annotations that 

include species labels, part locations, and bounding boxes. It is commonly used in both few-shot learning and fine-

grained image classification tasks. Figure 6 presents example images from the CUB-200-2011 dataset. 

 

 
Figure 6. Example images from CUB-200-2011. 

 

The Stanford Cars dataset comprises 16,185 images categorized into 196 distinct car makes and models. This 

dataset presents a significant challenge due to the high visual similarity between different car models, making it a 

suitable benchmark for evaluating fine-grained classification methods. Figure 7 shows several examples from the 

Stanford Cars dataset. 
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Figure 7. Example images from Stanford-Cars. 

 

The Stanford Dogs dataset contains 20,580 images spanning 120 dog breeds, with significant variations in pose, 

background, and lighting conditions. This makes it a challenging benchmark for fine-grained image classification 

algorithms. Example images from the dataset are shown in Figure 8. 

 

 
Figure 8. Example images from Stanford-Dogs. 

 

4.2. Experiment Setting 

In our experiments, we use Conv64 as the backbone network, which is a commonly used feature extractor in few-

shot learning benchmarks [5, 7]. All input images are resized to 84 × 84 pixels. We apply the same standard data 

augmentation techniques as used in prior works, including random cropping, horizontal flipping, and normalization. 
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During training, we follow an episodic training strategy, constructing 60,000 episodes. In each episode, N × K images 

are randomly selected as the support set, where N represents the number of categories (or ways), and K represents 

the number of examples per category (or shots). 

In addition, each query set contains 16 × N images. The experiment uses Adam as the optimizer with an initial 

learning rate of 0.001. To ensure the statistical reliability of the results, the number of test episodes is set to 2,000, 

and the final result is the average classification accuracy from these 2,000 episodes, with 95% confidence intervals. 

 

4.3. Results and Discussion 

The experiment results are illustrated as follows: 

 

Table 1. Average classification accuracy (%) compared to both traditional few-shot learning methods and FGFSIC methods across three 
different datasets. 

Methods Backbone CUB-200-2011 Stanford-Cars Stanford-Dogs 

1-shot 5-shot 1-shot 5-shot 1-shot 5-shot 

MatchNet [7] Conv64 60.52±0.88 75.29±0.75 34.80±0.98 44.70±1.03 35.80±0.99 47.50±1.03 
ProtoNet [5] Conv64 50.46±0.88 76.39±0.64 40.90±1.01 52.93±1.03 37.59±1.00 48.19±1.03 
RelationNet [6] Conv64 62.34±0.94 77.84±0.68 47.79±0.49 60.60±0.41 43.29±0.46 55.15±0.39 
MAML [8] Conv64 54.73±0.97 75.75±0.76 47.25±0.30 61.11±0.29 44.84±0.31 58.61±0.30 
PCM [21] Conv64 42.10±1.96 62.48±1.21 29.63±2.38 52.28±1.46 28.78±2.33 46.92±2.00 
LRPABN [3] Conv64 63.63±0.77 76.06±0.58 60.28±0.76 73.29±0.58 45.72±0.75 60.94±0.66 
MattML [24] Conv64 66.29±0.56 80.34±0.30 66.11±0.54 82.80±0.28 54.84±0.53 71.34±0.38 
Ours Conv64 65.90±0.52 85.59±0.29 68.72±0.49 84.76±0.30 53.29±0.52 75.98±0.36 

Note: Results are reported under two settings: 5-way 1-shot and 5-way 5-shot, using Conv64 as the backbone network. The best performance in each setting 
is highlighted in bold. 

 

 

Table 1 presents the comparative performance of several few-shot learning and FGFSIC methods on three fine-

grained image classification datasets: CUB-200-2011, Stanford Cars, and Stanford Dogs, under both 1-shot and 5-

shot settings, using Conv64 as the backbone. 

Overall, our proposed method consistently outperforms other approaches across most settings and datasets. On 

the CUB-200-2011 dataset, our method achieves 65.90% ± 0.52% in the 1-shot setting and 85.59% ± 0.29% in the 5-

shot setting, which is competitive with the best-performing methods. Notably, it surpasses MattML, the previous top 

method, in the 5-shot scenario by a considerable margin (85.59% vs. 80.34%). 

On the Stanford-Cars dataset, which is particularly challenging due to high intra-class similarity, our method 

achieves the highest performance among all methods, with 68.72% ± 0.49% accuracy in the 1-shot setting and 84.76% 

± 0.30% accuracy in the 5-shot setting. This represents a significant improvement over MattML (66.11% and 82.80%) 

and other baselines such as RelationNet. 

For the Stanford-Dogs dataset, known for its significant variations in pose, background, and illumination, our 

method also demonstrates strong performance, achieving 53.29% ± 0.52% in the 1-shot setting and 75.98% ± 0.36% 

in the 5-shot setting. While MattML slightly outperforms our model in the 1-shot setting (54.84% vs. 53.29%), our 

method delivers a notable improvement in the 5-shot setting (75.98% vs. 71.34%). 

These results indicate that our model's combination of multi-scale feature extraction and spatial feature 

transformer is effective in addressing the challenges of fine-grained few-shot image classification. Notably, the 

consistent improvement in 5-shot scenarios suggests that the proposed method benefits from increased sample 

availability, effectively leveraging multiple support images to enhance classification accuracy. 

 

5. CONCLUSION 

In this paper, we propose a Spatial Multi-Scale Feature Transformer Network to address the challenges of high 

intra-class variance and low inter-class variance. First, to enhance the discriminative power of the extracted features, 

we utilize intermediate outputs from the backbone and compare them with more discriminative aspects to improve 
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classification accuracy. Then, a Spatial Feature Transformer Network is applied to adjust the spatial positions of 

features, effectively reducing high intra-class variance. To avoid conflicts between transformations at different feature 

scales, we adopt a unified transformation approach for multi-scale feature processing. By simultaneously reducing 

intra-class variance and increasing inter-class variance, our method improves the performance of FGFSIC. 

Experimental results validate the effectiveness of our hypotheses and proposed methods. However, the current Spatial 

Multi-Scale Feature Transformer cannot handle variations caused by different viewpoints and backgrounds within 

the same class, which also contribute to high intra-class variance. Addressing this limitation may be a valuable 

direction for future research. 
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