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Abstract: In small data set learning, obtaining a large number of training samples from the source class for

transfer learning is a challenge for fine-grained visual classification. Based on the fact that fine-grained concepts

can be learned with very few samples, we use very few labeled samples (for example, three) in each category.

However, due to the difficulty in distinguishing the subtle differences between fine-grained images, we propose a

local structure information extraction method of SDFGVC based on spatial frequency features. The proposed

learning module enhances the ability of the network to find significant regions and shows excellent performance

in experiments on six datasets.

1. Introduction

Image classification is one of the key problems in handling machine vision tasks. In particular,
for computers, accurately classifying fine-grained images (FGVC) is a huge challenge. With the
development of deep neural networks, the learning ability for subtle differences between objects is also
gradually improving. For example, references such as [1–12] can accurately classify the differences
between objects with high similarity. In FGVC, multiple benchmark datasets (e.g., bird species [13],
cars [14], and aircrafts [15]) have also been collected through extensive labeling to test the performance
of different deep learning methods.

However, the performances of the aforementioned methods begin to fall significantly when
the number of samples in the dataset becomes small [16]. Meanwhile, it is expensive to collect a
huge amount of labeled data for FGVC. It is also hard to collect training examples for some rare
categories (e.g., endangered species). On the other hand, humans are capable of learning stable feature
representations in small image datasets for dealing with FGVC tasks [17]. Inspired by this ability, in
this work, we study how to make the network to learn discriminative information in each input image
as accurately as possible, so that it can perform FGVC tasks with small datasets.

Visual task [18,19] largely depends on extracting local structure information (LSI) from input
images, usually using various techniques such as first-order and second-order [20,21]) derivatives. In
images, information of different attributes is useful for classification. For example, frequency domain
information can provide features regarding image texture, etc., while spatial domain information
contains the spatial positional relationship of images. At present, few people consider the local feature
structure information of images simultaneously from the spatial and frequency domains. This paper
starts from the frequency and spatial domains and extracts the local structure features of images from
the frequency and spatial domains respectively.

In addition, image data augmentation methods such as lighting changes [22], colorization [23],
rotations [24], flips [25,26], and affine transformations [27] are employed to increase data diversity
and help the network learn discriminative features from images. However, existing augmentation
techniques focus on increasing image diversity but cannot effectively guide the network to accurately
extract local structure information from the spatial frequency domain in different fine-grained visual
classification tasks. Neglecting careful consideration of local structure information extraction and
local structure feature description in fine-grained visual classification methods [7–12] may lead to
suboptimal performance, especially in cases where the number of samples per category in small
datasets is limited.
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In this work, we propose a new learning method of spatial-frequency domain local structure
information features (LSI-SFD) based on fine-grained visual classification (SDFGVC). We not only
extract significant local structural features in multiple directions in the spatial domain, but also obtain
enhanced local structural features in multiple directions in the frequency domain after filtering. By
obtaining local structural feature information in different attribute spaces, our method can more
accurately locate the salient regions with classification ability in the image. At the same time, since we
introduce the frequency domain and perform noise suppression in the frequency domain information,
we can effectively suppress noise interference and greatly improve the classification accuracy.

This work mainly includes the following five aspects. First, taking the extraction of spatial-
frequency domain local structure features as an example, it illustrates how to extract local structure
features from input images in multiple directions. Second, a novel LSI-SFD learning method for
SDFGVC is proposed. Third, the performance of this method on multiple small datasets is always
superior to that of many advanced benchmark algorithms. Fourth, experimental results show that
embedding other algorithms into this framework can significantly improve detection accuracy. Fifth,
applying the method proposed in this paper to related tasks can also achieve good results.

2. Related Work

In this section, we briefly review the existing FGVC and SDFGVC methods.

2.1. Fine-Grained Visual Classification

The key problem of fine-grained visual classification (FGVC) is to enable the network to focus on
regions in images that have significant classification ability. Existing FGVC methods can be roughly
divided into two groups. The first group of methods [1–6] utilize various additional annotation
information, such as bounding boxes, metadata, or partial annotation mechanisms to locate significant
parts. Subsequently, classification is performed according to the structural information of objects from
the selected regions.

The second group of methods [7–12] intend to optimize the neural network structure for locating
salient regions. Zhou et al. [7] proposed a fine-grained visual classification framework that incorporates
multiple discriminant parts and multi-layer features. By focusing on the most discriminating parts
and masking them, the network is encouraged to explore other discriminating parts and combine
shallow and deep features to enrich the local details in the discriminating features. Xu et al. [8] propose
a novel internally integrated learning converter for FGVC that treats all heads of each ViT layer as
weak learners and uses attention maps and spatial relational voting to characterize the labeling of
discriminant regions across layers. In order to effectively mine cross-layer features and suppress
noise, introduce cross-layer refinement module for extracting fine features. Cui and Hui [9] propose a
dual-dependency attention converter model designed to address complex global dependency model-
ing challenges in visual tasks. In order to improve the quality of semantic modeling and reduce the
computational cost, the model decomposes the global token interaction into two paths, namely, the
location-dependent and semantic-dependent attention paths. An et al. [10] proposed a multi-scale
network of progressive multi-granularity attention to address the challenges of FGVC, especially the
subtle differences between classes. Through multi-granularity and multi-scale information explo-
ration, the network uses progressive training and multi-granularity attention module to locate key
discriminant regions, and uses multi-scale convolution module to extract discriminant features, thus
avoiding the recognition confusion caused by subtle differences between classes. Among them, [7]
and [10] also utilize multi-level feature information, enriching the local feature representation of the
images. Shen et al. [11] to improve the robustness of deep models to noisy data, an adaptive label
correction strategy is adopted to ensure effective learning with limited data. Pu et al. [12] introducing
semantic information and employing data augmentation techniques, this approach translates image
features along semantically meaningful directions to generate diversified samples, thereby enhancing
the model’s generalization ability.
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2.2. Visual Classification Based on Spatial Frequency Domain

Some existing SDFGVC methods combine approaches to capture image features in the frequency
domain. In [28], research indicates that neural networks may exhibit preferences for certain frequency
components during the learning process, which could affect the robustness of learned features. There-
fore, introducing frequency domain information may enhance the neural network’s generalization
capability. In [29], the Fast Fourier Transform (FFT) is introduced to effectively blend information
in the frequency domain. The non-parametric nature and fast computation of FFT can efficiently
learn interactions among features in the frequency domain, achieving good results even under limited
sample conditions.

Moreover, approaches based on frequency domain selection have been proposed in [30] and [31],
utilizing frequency domain information as input and combining it with CNNs structures to transform
image features from spatial domain to frequency domain. Compared to traditional spatial domain
approaches, frequency domain learning can achieve higher accuracy while further reducing input
data volume. Research on combining spatial and frequency domain features, as seen in [32] and [33],
utilizes multi-domain cross or complementary fusion methods. In the context of few shot classification
problems, attention is given to both spatial and frequency domains, allowing for the extraction of
structural information in both domains. Studies on fusion methods for spatial and frequency domain
features indicate that effective frequency domain information has a positive impact on classification.
This also highlights the complementary nature of frequency information and spatial representation,
effective fusion of spatial and frequency domain features leads to better image feature representation.

2.3. Small Dataset Fine-Grained Visual Classification

The existing SDFGVC method [34–40] can be roughly divided into two categories [41]: meta-
learning based methods [34–36] and metric-based learning methods [37–40]. The strategy of the
meta-learning method is to train the classifier using only a small number of training samples for each
class. Tang et al. [34] propose an efficient bidirectional pyramid architecture that enhances the internal
representation of features by aggregating features from a multi-scale feature pyramid and a multi-level
attention pyramid. Zhang et al. [35] proposed a double helix model based on Transformer. The model
first achieves better cross-image interaction in semantically relevant local object regions, and then
enhances the extraction features of semantically relevant local regions found in each branch, thereby
enhancing the model’s ability to distinguish subtle feature differences in fine-grained objects. Satoshi
et al. [36] proposed a meta-image enhancement network that combines the generated image with the
original image, thereby enabling the generated "hybrid" training image to improve one-shot learning.

A strategy based on metric learning methods is to learn a set of functions that transform the test
sample into an embedded space. The test sample can then be classified according to a given metric
(for example, nearest neighbor [42] or deep nonlinear metric [43]). Zhang et al. [37] used Earth Mover
Distance as an indicator to calculate the structural distance between dense image representations
to determine image correlation. Wertheimer et al. [38]reformulated the small-sample classification
as a reconstruction problem in potential space and proposed a feature reconstruction network. A
new small sample classification mechanism is designed, that is, directly reconstruct from support set
samples to query set samples, which can greatly increase the difference between classes and improve
the classification performance. In order to alleviate low inter-class variation and high intra-class
variation, Wu et al. [39] proposed a bidirectional feature reconstruction network, introduced self-
attention mechanism to reconstruct images, used support sets to reconstruct query sets to increase
inter-class differences, and further used query sets to reconstruct support sets to reduce intra-class
differences. However, most of the existing few-shot image classification methods only focus on the
modeling of global image features or local image patches, and ignore the global-local interaction.
Sun et al. [40] propose a new approach called GL-ViT, which designs a feature extraction module to
compute the interaction between global representation and local patch embedding, combining global
and local features to make the most of small samples for image classification.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 September 2024 doi:10.20944/preprints202409.0630.v1

https://doi.org/10.20944/preprints202409.0630.v1


4 of 16

3. Proposed Method

In this section, we first clarify how to correctly extract the spatial-frequency domain local structure
information feature (LSI-SFD). Then, a novel local structure information (LSI) learning method for
fine-grained visual classification (SDFGVC) is proposed. As shown in Figure 1, the framework consists
of three modules: local structure information preprocessing, backbone network, and classification
network. Next, the reason why the proposed algorithm can effectively function will be explained,
as well as how our proposed framework enables the backbone network to have the ability to obtain
accurate LSI-SFD from each input image in order to learn discriminative information from salient
regions.
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Figure 1. The overall pipeline of our proposed LSI-SFD learning framework. (1) Information pre-
processing: filtering noise in the frequency domain of input images and rotating them. (2) Backbone
classification network: extracting the basic feature maps. (3) Classification network: classifying images
into fine-grained categories.

3.1. LSI Extraction

The extraction of Local Structural Information (LSI) [44,45] from input images has a profound
impact on the effectiveness of subsequent classification tasks in computer vision and image processing.
In images, basic structural elements include corners, edges, and blobs. Typically, first-order differ-
entials are widely cited in literatures such as [19,46–48] and are widely used in edge [49] and corner
identification [50,51], while second-order differentials [52,53] are common in blob detection. In this
paper, local structural information in input images is extracted according to the different response
values generated by the derivatives of different structures in images in different directions of first-order
and second-order anisotropic Gaussian filters. Parameters such as scale and anisotropic factors are all
set correspondingly to

√
1.5.

In the test image "Building" depicted in Figure 2(a), where a corner, an edge point, and a blob
are denoted by symbols ’∆’, ’□’, and ’⃝’ respectively. In Figure 2(b) shows the response value of the
FOAGDD of the corner point. Figure 2(b) and(c) show that the directional derivatives of the T-shaped
corner and the edge are different. After the lighting changes, the response values of the corner and the
edge change, but in the horizontal and vertical directions, they are consistent with when there is no
change, which is not conducive to image classification learning. These observations align with prior
representations of FOAGDD for corners and edges [46,48], suggesting the necessity of LSI extraction
along multiple filter orientations. However, the response value of the SOAGDD of the blob does not
change significantly. Different lighting affects the characterization and classification of local structural
attributes and thus affects the extraction of LSI.
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Additionally, using a test image named "Graffiti", depicted in Figure 3(a). Here, we denote a
corner, an edge point, and a blob with symbols ‘∆’, ‘□’, and ‘⃝’ respectively. Figure 3(b), (c), and (d)
showcase the FOAGDD of the corner and the edge, and the SOAGDD of the blob on the original image.
Now, if we subject the original image to an image affine transformation as depicted in Figure 3(e),
upon comparison with Figure 3(b), (c), and (d), it’s evident from Figure 3(f), (g), and (h) that there
are significant changes in the FOAGDD of the corner and the edge, and the SOAGDD of the blob.
Therefore, relying solely on LSI extraction along horizontal and vertical filter orientations fails to
accurately represent the characteristics of local structural features.
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Figure 2. Examples of the FOAGDDs at a corner and an edge point and the SOAGDDs at a blob at
the same location with a lighting change. (a) An original image. (b)-(d) The FOAGDDs of the corner
and the edge and the SOAGDDs of the blob on the original image. (e) The original image undergoes a
lighting change. (f)-(h) The FOAGDDs of the corner and the edge and the SOAGDDs of the blob on the
lighting changed image.
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Figure 3. Examples of the FOAGDDs at a corner and an edge point and the SOAGDDs at a blob at
the same location under image affine transformation. (a) An original image. (b)-(d) The FOAGDDs of
the corner and the edge and the SOAGDDs of the blob on the original image. (e) The original image
undergoes image affine transformation. (f)-(h) The FOAGDDs of the corner and the edge and the
SOAGDDs of the blob on the deformed image.

From the above example, it is clear that the intrinsic properties of the local structural features of the
image remain the same despite the change in illumination or deformation. For example, a FOAGDD
for an edge shows only one local maximum and minimum, while a FOAGDD for a corner shows
many local maximum and minimum values. In contrast, a blob’s SOAGDD appears entirely positive
or negative. In addition, it is clear that fully describing different local structural features requires
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extracting the LSI from input images in different directions. Therefore, in FGVC and SDFGVC tasks,
it is necessary to exclude iterative optimization and use different directional filters to concurrently
process the extracted local structure information. Therefore, this method can accurately extract enough
LSI from each input image to facilitate the analysis of different significant regions and improve the
efficacy of FGVC and SDFGVC.

3.2. Information Preprocessing

In order to help the backbone network accurately learn salient local regions of objects and the
overall structure of objects, the original image I first undergoes a DCT transformation to convert
the image from the spatial domain to the frequency domain, acquiring the frequency information
of the image. The frequency information of the image is then subjected to low-pass filtering to
remove some high-frequency noise interference, followed by an IDCT to transform the low-frequency
information of the image back to the spatial domain. Subsequently, the original image I1 and the image
generated by the low-frequency information, denoted as image I2, are rotated with multiple angles at
an interval of π

K within the range of [0, (K−1)π
K ]. This process yields a series of rotated original images

I1k(k=1, 2,. . . ,K−1) and low-frequency rotated images I2k(k=1, 2,. . . ,K−1), which are then fed into the
backbone network for training. Taking the backbone network as an example, as depicted in Figure 4, it
can extract the first-order intensity variation information of each input image along horizontal and
vertical filter orientations. In Figure 4(a) shows the extraction of local structural features of images in a
single direction used in most methods. However, this operation can only enable the backbone network
to learn part of the local information of an image in each epoch, and it may not necessarily contain
the local parts with classification ability. On the contrary, the method proposed in this paper enables
the network to extract the local structural features of images along multiple directions from different
attribute spaces in each epoch, which can ensure that significant local features with classification ability
in the image can be obtained in each epoch. As shown in "in every epoch" in Figure 4(b). Through this
method, the backbone network can accurately acquire LSI from each input image in both spatial and
frequency domain attribute spaces, facilitating the learning of discriminative information from salient
regions.

It is worth to note that a backbone network has the ability to learn different information from each
input image with data augmentation (e.g., letting the image rotate randomly each time). In this way,
one may argue that as long as the number of epochs is increased during training, the network as shown
in Figure 4(a) can obtain more LSI from input images with data augmentation. And then the network
as shown in Figure 4(a) has the ability to achieve a similar or better classification accuracy than the
network as shown in Figure 4(b). Later experiments will show that under small sample conditions,
increasing the number of epochs (e.g., letting the number of epochs in Figure 4(a) be ten times that of
Figure 4(b)) cannot improve the classification accuracy of the network as shown in Figure 4(a). The
reason is that the LSI learned by the network as shown in Figure 4(a) is inadequate which cannot be
used to accurately describe the different local structure features of an image. This is similar to the
capability of a person to process information. Under the original limited amount of information, if the
information that people have is inadequate, the accuracy of a person’s judgment on events is likely to
be low. Furthermore, experimental comparisons illustrate that our proposed method achieves better
performance when the number of training images in the dataset is limited.
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Figure 4. Examples of LSI-SFD extraction. (a) LSI extraction of existing image data augmentation
techniques. (b) LSI-SFD extraction of our proposed information preprocessing.

3.3. Classification Network

The objects in different images of the same category usually share some similarities. In our method,
the input image I is transformed into rotated images I1k (k=1, 2,. . . ,K) and rotated images with low-
frequency filtering I2k (k=1, 2,. . . ,K) through an information preprocessing module. Then, these rotated
images along with their corresponding one-vs-all fine-grained category labels l are integrated into
training set {I11,. . . ,I1k,l} and {I21,. . . ,I2k,l}. The two sets of images are fed into the backbone network
to obtain their corresponding feature maps in two different attribute spaces{φ(I11),. . . ,φ(I1k)} and
{φ(I21),. . . ,φ(I2k)} , which are fused using learned weights. Subsequently, the fused feature maps
are processed by an adaptive average pooling layer and a fully connected layer in the classification
network to obtain the classification distribution {φ(I1),. . . ,φ(Ik)}. In this way, the classification loss Lc

is defined as

φ(Ik) = ω1 · φ(I1k) + ω2 · φ(I2k), (1)

Lc = − ∑
I∈C

1
K

K

∑
k=1

l · log(φ(Ik)), (2)

where C represents the image set for training.
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In our framework, the classification network is trained through end-to-end transfer learning,
enabling the network to accurately learn the significant local regions and overall structures of objects.
The entire framework of LSI-SFD learning is illustrated in Figure 1. The information preprocessing
module assists the backbone network in accurately learning the LSI of different types of objects in
both spatial and frequency domains from each input image. The classification network helps the
network learn the local structural information of objects from different attributes. In this way, LSI-SFD
learning possesses the capability to accurately learn the attributes of different objects in images, thereby
achieving better performance in SDFGVC.

4. Experiments

In this section, the datasets and detailed experiment settings for SDFGVC are firstly introduced.
Secondly, the impact of information preprocessing on the performance of the proposed method is
illustrated. Furthermore, the impact of the number of epochs for classification accuracy is illustrated.
Thirdly, the proposed LSI-SFD learning method is compared with eight state-of-the-art methods.
Fourthly, embedding other algorithms into our proposed framework, their corresponding detection
accuracies are presented.

4.1. Experiment Setting

In this experiment, three training samples and three test samples in each category are randomly
selected from six standard image datasets (i.e.,Cotton [54], Oxford Flower (FLO) [55], CUB-200-2011
(CUB) [13], Standford Cars (CAR) [14], FGVC-Aircraft (AIR) [15], and plant disease (PD) [56]) for
evaluating the classification accuracy of the proposed method in comparison with the state-of-the-
art benchmark methods (VGG-16 [57], ResNet50 [58], NTS-Net [59], fast-MPN-Cov [60], DCL [26],
Cross-X [61], MOMN [62], ACNet [25], and fingerprints vitality detection (FVD) [63]). The codes for
these eight methods are provided by their authors and the classification labels of the image datasets
are the only annotations used for training in our experiments. The proposed method is implemented
in PyTorch using a 3.50 GHz CPU with 128 GB memory and eight NVIDIA TITAN Xp with 12 GB
memory.

The cotton dataset [54] contains 80 cotton leaf categories. The FLO dataset [55] contains 102
classes of flowers. The CUB dataset [13] contains 200 classes of birds. The CAR dataset [14] contains
196 classes. The AIR dataset [15] contains 100 classes. The PD dataset [56] contains 38 plant disease
categories. For each category, it contains 6 images. For the six images, we follow the setting of [a][b] for
training and testing. It means that, for each category, a images are utilized for training and b images
are employed for testing. In this experiment, the numbers of a and b are set to a = 3, b = 3 and a = 5,
b = 1 respectively.

In our method, ResNet-50 [58] is used as a backbone network. The input images are padded to
squares before being resized to the size of 512 × 512 pixels, and then they are randomly rotated and
cropped to 448 × 448 pixels. All the methods are trained for 180 epoches using stochastic gradient
descent with a batch size of 16. The learning rate is 0.001 initially and then decreases by a factor of 10
every 60 epochs. The benchmark methods are implemented using the optimal settings as reported in
their papers with careful fine-tuning.

4.2. Parameter Settings

In this subsection, we first use input image sets in the spatial domain and frequency domain to
test the accuracy of the proposed method. From this experiment, we find that the number of rotations
of images in different directions in the spatial domain and frequency domain has a great impact on
performance, as shown in Figure 5. With {I, Iπ/6, Iπ/4, Iπ/3, Iπ/2}, the proposed method achieves the
best performance on the cotton dataset [54]. With {Iπ/6, Iπ/4}, the accuracy of the proposed method
is the worst. The reason is that input images with two rotation directions in the spatial domain and
frequency domain cannot enable the network to learn sufficient local self-similarity (LSI). At the same
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time, it can be observed that the accuracy of the image set composed of six images in the spatial
domain and frequency domain is more stable and relatively better than that of image sets composed of
other numbers of images in the spatial domain and frequency domain. The reason is that the image
set composed of six images in the spatial domain and frequency domain can provide more LSI to the
network. Based on the above analysis, in the subsequent experiments, the proposed method uses an
input image set composed of six images in the spatial domain and frequency domain.

Then, we use the input image set composed of six images in the spatial domain and frequency
domain respectively to test the accuracy of our proposed method on six other small datasets. Table 1
shows the classification accuracy on the cotton, airplane, flower, bird, car, and plant disease datasets
under different combinations of image rotations with six directions. It can be found from the table
that the accuracy of our algorithm is stable in six input images with different rotation directions in
the spatial domain and frequency domain. Then, the best accuracy of the proposed method in each
dataset will be selected for performance comparison with other algorithms.

In the following, we discuss the impact of the number of epochs for the accuracy of SDFGVC.
Take the cotton dataset as an example, the classification accuracies of the four methods (VGG-16 [57],
ResNet50 [58], DCL [26], and proposed method with two image rotation directions {I, Iπ/3}) under
1800 epochs and the proposed method with six image rotation directions {I, Iπ/6, Iπ/4, Iπ/3, Iπ/2, I5π/6}
under 180 epochs are shown in Figure 6. It can be seen from Figure 6 that at the beginning, with the
increase of epochs, the accuracies of the four algorithms have been increasing. When the epoch reaches
about 120, the accuracies of the five algorithms on the cotton dataset become stable. It can also be
found from Figure 6 that when the epoch is increased to 1,800 with data augmentation, the accuracies
of the four algorithms (VGG-16 [57], ResNet50 [58], DCL [26], and proposed method with two image
rotation directions {I, Iπ/3}) cannot reach the accuracy of the proposed method with six image rotation
directions {I, Iπ/6, Iπ/4, Iπ/3, Iπ/2, I5π/6}.
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Figure 5. The impact of different input image sets on SDFGVC performance.
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Table 1. The accuracy of the proposed method with combining six different image rotation directions.

Input images Accuracy (%)
Cotton CUB CAR AIR FLO PD

{I, Iπ/6, Iπ/4, Iπ/3, Iπ/2, I5π/6} 64.89 86.63 92.77 91.07 95.49 97.46
{I, Iπ/6, Iπ/3, Iπ/2, I2π/3, I3π/4} 65.33 86.63 92.32 91.23 96.16 96.58
{I, Iπ/6, Iπ/3, Iπ/2, I3π/4, I5π/6} 65.42 85.29 92.89 90.79 95.49 98.72
{I, Iπ/6, Iπ/4, Iπ/2, I2π/3, I5π/6} 64.37 85.13 92.26 90.47 97.18 96.46
{I, Iπ/4, Iπ/3, Iπ/2, I2π/3, I5π/6} 64.63 86.16 92.13 91.43 96.84 97.58

4.3. Experiment Results

The results on the selected six small datasets from Cotton, CUB-200-2011, Standford Cars, FGVC-
Aircraft, Oxford Flower, and plant disease datasets are illustrated in Tables 2 and 3. It can be observed
from Tables 2 and 3 that our proposed method achieves much better performance than the benchmark
methods with small datasets. The reason is that our proposed method has the ability to allow the
network to learn more LSI of features from each input image. Under this way, our proposed method
has better ability to depict the properties of different features in images. Furthermore, it can be found
that the accurate extraction of LSI of different features in images has a more significant impact on the
performance of SDFGVC.

Table 2. Comparison with the state-of-the-art methods on six different small datasets with a = 3 and
b = 3.

Method Base Model Accuracy (%)
Cotton CUB CAR AIR FLO PD

ResNet-50 Resnet-50 48.24 84.20 90.92 89.74 95.35 96.33
VGG-16 VGG-16 40.19 82.18 87.55 96.32 94.37 95.17
NTS-Net ResNet-50 52.50 84.23 90.32 88.15 95.42 96.00

fast-MPN-
Cov

ResNet-50 50.73 85.12 88.61 90.26 96.33 95.78

DCL ResNet-50 60.08 85.47 92.18 90.58 96.49 96.19
Cross-X ResNet-50 52.71 85.22 92.18 89.84 96.12 93.63
MOMN ResNet-50 40.00 81.79 86.25 85.33 97.15 98.26
ACNet ResNet-50 53.42 85.31 92.29 88.65 96.88 96.68

FVD ResNet-50 57.69 84.20 91.06 88.52 96.62 95.43
Ours ResNet-50 65.42 86.63 92.89 91.43 97.18 98.72

Table 3. Comparison with the state-of-the-art methods on six different small datasets with a = 5 and
b = 1.

Method Base Model Accuracy (%)
Cotton CUB CAR AIR FLO PD

ResNet-50 Resnet-50 57.92 88.23 95.02 94.03 96.13 97.14
VGG-16 VGG-16 48.94 85.36 90.25 95.13 95.33 96.23
NTS-Net ResNet-50 61.25 88.42 94.73 93.31 96.22 96.74

fast-MPN-
Cov

ResNet-50 59.72 89.01 91.33 94.41 96.88 96.71

DCL ResNet-50 69.91 89.92 96.17 94.53 97.09 96.97
Cross-X ResNet-50 61.77 89.22 96.14 94.10 96.73 94.88
MOMN ResNet-50 49.49 86.02 89.85 89.49 97.35 98.47
ACNet ResNet-50 61.49 89.13 96.22 93.47 97.10 97.27

FVD ResNet-50 65.91 88.95 95.36 93.77 97.01 96.53
Ours ResNet-50 74.15 90.05 96.77 95.53 97.49 98.88
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Based on the Resnet-50, we also compared our method with the existing image data augmentation
techniques (i.e., lighting changes [22], colorizing images [23], image rotations [24], image flips [25,26],
and image affine transformations [27]) on seven small datasets with a = 5 and b = 1. The results
are shown in Table 4. It can be found from Table 4 that our proposed method achieves the best
performance.

Table 4. Comparison with the existing data augmentation techniques on six different small datasets
with a = 5 and b = 1.

Method Base Model Accuracy (%)
Cotton CUB CAR AIR FLO PD

Lighting Changes ResNet-50 44.35 88.34 90.14 91.92 94.18 92.11
Colorizing Images ResNet-50 43.52 86.32 89.36 90.11 93.92 92.16
Image Rotations ResNet-50 44.24 85.66 90.12 91.37 93.15 92.21

Image Flips ResNet-50 43.17 84.39 90.19 90.38 92.17 91.32
Image Affine Transformations ResNet-50 46.78 89.91 94.36 92.18 93.96 94.49

Ours ResNet-50 74.15 90.05 96.77 95.53 97.49 98.88

Furthermore, embedding three algorithms (NTS-Net [59], fast-MPN-Cov [60], and DCL [26])
into our proposed framework with six image rotation directions {I, Iπ/6, Iπ/4, Iπ/3, Iπ/2, I5π/6}, their
corresponding accuracies on two small datasets (Cotton and CUB) are summarized in Table 5. It can
be found from Table 5 that the accuracies of the three methods have improved significantly.

Table 5. The classification accuracy of three algorithms embedded in our proposed framework with
a = 3 and b = 3.

Method Accuracy (%) Performance improvement
Cotton CUB Cotton CUB

Original NTS-Net 52.50 84.23 11.71% 8.45%NTS-Net in our framework 58.65 91.36

Original fast-MPN-Cov 50.73 85.12 13.97% 9.38%fast-MPN-Cov in our framework 57.82 93.11

Original DCL 60.08 85.47 12.21% 8.14%DCL in our framework 67.42 92.34

5. Application

In this subsection, the proposed network is applied for performing change detection on SAR
image. The SAR images used in this application section are sourced from the geographic image
information of Zhongchi Town, Shiquan County, Ankang City, Shaanxi Province, China, at two time
points in 2021.
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Figure 7. Using the SAR geographical information image of Zhongchi Town in 2021 for permanent
farmland change detection, with GIS Image as the mask image of the standard farmland in 2017. The
image of Zhongchi Town uses the 2021 image as the detected image; p1 and p2 are the information of
each regular geographical patch segmented from the Zhongchi Town image in 2021 through the mask
image.

5.1. Patch Data and Preprocessing

Due to factors such as the patch information being collected in 2017 and considerations of SAR
shooting angles, it is necessary to correct and match the positions of the 2021 SAR image with the
patches to ensure accurate correspondence. The irregular polygon edge coordinates are found in the
mask image, and new mask regions are created using these coordinates. Finally, this region is overlaid
with the 2021 SAR image of Zhongchi Town to segment the farmland patch areas, resulting in 1773
patch areas.

Considering the varying size and shape of irregular patches, direct classification is difficult.
Therefore, while segmenting irregular patches, their minimum bounding rectangles are also segmented
to obtain two types of datasets: regular patch data and irregular patch data. Subsequently, combining
manual judgment of whether the patches are farmland areas, corresponding labels are generated for
inference to calculate accuracy.

5.2. Data Training

To conduct model training and evaluation, it is necessary to construct training, validation, and
testing datasets. These datasets are obtained by segmenting the original SAR images, with each image
sized at 50 × 50 pixels. After manual judgment, the images are classified into two categories: farmland
and non-farmland.

Specifically, we constructed a training dataset consisting of 2148 images, as well as separate
validation and testing datasets, each containing 460 images.In the training dataset, training samples
are used for model learning and parameter adjustment. Validation data are used to assess the model’s
performance and conduct hyperparameter selection and adjustment. Testing data are then used
to finally evaluate the model’s generalization ability and accuracy.Through such dataset partition-
ing and utilization, the proposed model’s performance in farmland change detection tasks can be
comprehensively evaluated, providing reliable metrics for its performance.
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5.3. Inference and Change Detection

In the process of change detection using random cropping method, it refers to randomly cropping
the patch area during change detection of each patch. Due to the irregular shape of the patches and the
use of white filling for rectangles, the shapes vary and cannot be directly used for detection. Therefore,
when segmenting the patches from the original image, the minimum inscribed rectangle of the irregular
patches needs to be found to segment out regular images. When predicting the patches, both regular
and irregular patch loaders are created. Non-white areas of irregular patches are identified, and the
center point of the cropping box is determined using random numbers. Since the sizes of regular and
irregular patches are the same, the center point position is corresponded in the irregular image and
checked if it’s on the boundary. If the center point position is satisfied and a 50 × 50 image block can
be cropped, the image block is predicted using the LSI-SFD method, and the occurrence of changes is
determined based on the predicted category.

5.4. Change Detection Result

Using the 2021 SAR image of Zhongchi Town and the ArcGIS vector map information of per-
manent farmland in Zhongchi Town in 2017, all farmland patches were segmented. By designing a
random cropping method combined with the LSI-SFD method, rapid and accurate change detection of
farmland was achieved. Due to the slight displacement of the patches in 2021, the types, quantities,
and prediction results of the patches can be inferred from Table 6.

Table 6. The comparison of change detection accuracy in Zhongchi Town in 2021 with existing methods,
with an image size of 50 × 50.

Method Base Model Correct Prediction Agricultural Non-Agricultural Accuracy

NTS-Net ResNet-50 618 37 581 34.85%
fast-MPN-Cov ResNet-50 479 16 463 27.01%

DCL ResNet-50 1317 116 1201 74.28%
Cross-X ResNet-50 1139 97 1042 64.24%
MOMN ResNet-50 1263 132 1131 71.23%

Ours ResNet-50 1443 189 1254 80.14%

According to Table 6, there were 1773 patches of farmland in Zhongchi Town in 2021. By
segmenting and classifying image patches across multiple models, it can be seen from the detection
results that when using the method proposed in this paper, LSI-SFD, for change detection of permanent
farmland in Zhongchi Town, it is able to quickly and accurately classify patch information for detection.

6. Conclusion

The paper focuses on addressing the challenge of small dataset fine-grained classification problems
by exploring LSI-SFD from a few labeled examples. Firstly, we elucidate how to accurately extract
LSI from each input image, enabling the network to accurately describe the properties of different
features in images across various spatial dimensions. Secondly, we conduct a detailed analysis of the
limitations of existing data augmentation techniques. Thirdly, we propose a novel LSI-SFD learning
framework for SDFGVC. Fourthly, the proposed method demonstrates superior performance on six
small datasets. Fifthly, by integrating other algorithms into our proposed framework, their detection
accuracy can be significantly improved.

Moreover, we applied the LSI-SFD method proposed in this paper to complete change detection
tasks on SAR images of Zhongchi Town in 2021 with limited samples. By transforming change detection
into a binary classification problem using classification, compared to existing image classification
methods, the LSI-SFD method proposed in this paper can more accurately detect and classify SAR
images.
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