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Abstract: Scene classification is a critical technology to solve the challenges of image search and im-
age recognition. It has become an indispensable and challenging research topic in the field of remote
sensing. At present, most scene classifications are solved by deep neural networks. However, exist-
ing methods require large-scale training samples and are not suitable for actual scenarios with only
a few samples. For this reason, a framework based on metric learning and local descriptors (MLLD)
is proposed to enhance the classification effect of remote sensing scenes on the basis of few-shot.
Specifically, MLLD adopts task-level training that is carried out through meta-learning, and meta-
knowledge is learned to improve the model’s ability to recognize different categories. Moreover,
Manifold Mixup is introduced by MLLD as a feature processor for the hidden layer of deep neural
networks to increase the low confidence space for smoother decision boundaries and simpler hid-
den layer representations. In the end, a learnable metric is introduced; the nearest category of the
image is matched by measuring the similarity of local descriptors. Experiments are conducted on
three public datasets: UC Merced, WHU-RS19, and NWPU-RESISC45. Experimental results show
that the proposed scene classification method can achieve the most advanced results on limited da-
tasets.

Keywords: metric learning; local descriptors; few-shot learning; meta-learning; remote sensing
scenes classification

1. Introduction

Scene classification [1] is to judge the category of an image according to the scene
content. Remote sensing (RS) scene classification [2,3] refers to the fact that remote sensing
scene images are assigned specific labels and classified by some algorithm. It plays an
irreplaceable role in crop yield estimation, disaster prevention, resource protection, and
land planning and utilization. So far, with the extensive application of deep learning [4,5]
in RS scene classification, great success has been achieved, most of the work of RS scene
classification is based on large-scale remote sensing data sets, and more than thousands
of images of each type are used to fit the neural network model. However, the process of
labeling a large-scale dataset is very complex and labor-intensive. In contrast, few-shot
learning [6,7] does not require a lot of labeled data. It tries to imitate human ability, where
classification systems can learn to classify based on a small quantity of labeled images
(few shots). One-shot learning [8] is included in few-shot learning, where each class of
one-shot learning contains one sample. In addition, zero-shot learning [9] refers to the
recognition of new things that have never been seen by computers, which is more demand-
ing than few-shot learning.
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Since deep learning abandons the traditional manual learning features, RS scene clas-
sification based on deep learning is of great significance [10-13]. Recently, Zhai et al. [14]
proposed a useful model for lifelong learning that extracts prior knowledge by learning
the ability of the classifier to achieve rapid generalization to new data sets. For the purpose
of achieving the purpose of the model, which is to learn the global features of an image,
Zhang et al. [15] introduced the remote sensing transformer (TRS) into RS scene classifi-
cation to capture long-range dependency. For the benefit of mining the semantic features
of different categories through the global features of RS images, Tang et al. [16] con-
structed RS images by spatial rotation on the basis of previous studies to capture more
useful information and reduce the possibility of misclassification by improving the dis-
crimination of features.

Few-shot learning is used to classify RS scenes with insufficient labeled data, which
can solve the defects of the above methods and improve the interpretation performance
[17-22]. For the sake of solving the disadvantage that RS images lack the ability to learn
more judgmental features and reliable metrics, Li et al. [23] proposed an adaptive dis-
tance-based matcher to ameliorate the classification efficiency, called DLA-MatchNet.
Sample-based training methods exist in most experiments and can achieve better results,
but the probability of fitting individual samples will be greatly increased. By summarizing
the previous methods, Li et al. [24] concluded that different tasks should be trained to
extract features instead of samples and proposed an extremely reliable method called RS-
MetaNet. The effectiveness of the prototype is ignored by most existing prototype-based
few-shot learning, and directly calculating the prototype from the support sample will
lead to a decrease in the accuracy of subsequent inferences. In view of the above issues,
Cheng et al. [25] proposed a combination of the SC method without adding any learnable
parameters and the IC method to increase the prediction accuracy. The addition of these
two Siamese prototypes can extract more representative feature information for RS scene
classification. In order to address the drawback that insufficient labeled samples make it
difficult to extract categorical features, Zeng et al. [26] proposed an iterative looping ar-
chitecture (IDLN) to improve classification performance. Due to the problem of sample
quantity, the learning ability of the model is markedly reduced. In order to identify the
classification boundary that depends on the sample deviation, the distance between dif-
ferent categories is widened and the data of the same category is polymerized. Cui et al.
[27] proposed a framework called meta kernel networks (MKNs). For automatic modula-
tion classification, which requires a large number of labeled samples, Che et al. [28] de-
signed two feature extraction networks, which correspond to spatial and temporal feature
spaces, respectively. The classification results of the two feature spaces are fused. In addi-
tion, a new mixed loss function is designed to expand the distance between classes. Fur-
thermore, some graph-based methods [29,30] have also achieved advanced results in the
field of remote sensing. To address the problems of noise influence and insufficient la-
beled training samples in hyperspectral classification. Zhang et al. [31] proposed a mech-
anism for automatically exploring receptive fields and learning the importance of differ-
ent neighborhoods. When the node is updated, the local information of the node is not
discarded. It is difficult to identify the global information of the graph for the existing
graph-based methods. Ding et al. [32] proposed a semi-supervised network that flexibly
aggregates graph nodes between data and captures deeper relationships based on the re-
lationship between the obtained contexts.

Meta-learning is often used to solve few-shot problems because of its self-learning
ability and strong generalization performance. Meta-learning research is currently di-
vided into three independent methods: metric-based methods, optimization-based meth-
ods, and model-based methods. Among them, model-based meta-learning has made the
most progress. At present, the best experimental accuracy results come from the subse-
quent improvement of Model-Agnostic Meta-Learning [33] (MAML) algorithms in this
direction. This direction has also become the backbone of the meta-learning field. In data
augmentation-based methods, Li et al. write the features of a set of labeled images
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(support sets) into memory and extract them from the memory while performing infer-
ence, making full use of the knowledge in the set, called MatchingNet [34]. In the metric-
based methods, the classical networks include relational networks [35], prototype net-
works [6], etc. According to these two models, many novel meta-learning models have
been developed.

The methods mentioned above mainly focus on sample-level features for few-shot
RS scene classification, resulting in learned features that easily overfit individual samples,
and most use metrics based on image-level features. Meanwhile, the problem of fuzzy
hidden layer representation and decision boundary in neural networks is ignored, so ac-
curate feature representation is difficult to learn. In addition, RS images have large differ-
ences with natural images due to different shooting content and shooting methods, such
as aerial photos and satellite photos. Therefore, few-shot learning needs to overcome the
influence of indistinguishable features and unrelated backgrounds between categories
caused by remote sensing images due to shooting methods, as indicated in Figure 1. For
the above-mentioned problems, few-shot learning should be organized based on tasks
rather than image-level. At the same time, the diversity of feature vectors should be in-
creased to learn accurate feature representation. In addition, image-to-class metrics based
on local descriptors are adopted for final classification.

Similarity Between Classes

Intra-class differences

Figure 1. Similarity between categories and differences within categories of remote sensing images.

Aiming at the challenges brought by the above problems, a few-shot RS scene classi-
fication method based on metric learning and local descriptors is proposed, called MLLD,
which not only has the capacity to increase the classification accuracy of RS scene images
with fewer labels but also addresses the aforementioned issues. The overall framework of
the model consists of Meta-tasks Module, Deep Embedded Learning Module, and Metric
Module. Firstly, the meta-task module has the ability to simulate human learning, learn
various knowledge through different meta-tasks, and finally achieve the purpose of learn-
ing to classify rare samples. The performance of meta-learning on each task increases with
experience and the number of tasks; that is, the efficiency of the model is gradually im-
proved by learning multiple tasks. The Meta-tasks Module to learn task-based metrics can
be better extended to invisible test tasks. Secondly, the Embedded Learning Module ex-
tracts and fuses features to increase the diversity of feature vectors, including the part of
extracting and processing features. The existence of hidden layer representation and de-
cision boundary ambiguity in neural networks leads to a lot of irrelevant noise being
learned during model training, which affects the adaptability of the model to fresh sam-
ples and reduces the classification accuracy of the test data. Our model comes up with
solutions to these challenges, the feature processor uses Manifold Mixup [36] to apply to
the hidden layer of deep neural networks; that is, the model is required to satisfy linear
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Meta-tasks

constraints on the operation at the feature level, and this constraint is used to regularize
the model. Finally, the processed feature vector is divided into local descriptors. The last
layer of measurement image-level features is replaced by measuring image-to-class local
descriptors. According to local invariant features, this method can achieve breakthrough
results. At the same time, using local descriptors in few-shot can reduce the computation
of searching for the nearest neighbors from local descriptors in a large sample.

2. Proposed Method

The focus of this paper is to solve the two major challenges of RS scene classification:
(1) The lack of labeled samples and the nature of neural networks make it difficult for the
model to learn accurate feature representations. (2) Few-shot RS scene classification needs
to perform classification tasks under the influence of small distances between different
categories and larger intra-class variance. In addition, irrelevant background information
will be confused with valid content, which can affect classification accuracy. The proposed
model is shown in Figure 2. Firstly, the Meta-tasks Module improves the problem-solving
ability of the model by learning meta-knowledge from multiple tasks through meta-train-
ing, which is an extremely effective method to solve few-shot tasks. Second, the Embed-
ded Learning Module not only extract features but also enrich the diversity of features.
Finally, the local descriptor is used by the Metric Module to calculate the similarity be-
tween the image and category.

Embedded learning module

P

Task 1

Task 2

Task 3

E Local descriptor ;
e A | e s
+[/;m = MIXUP . = - x//(p(x)C) S
= 8| | wowa + o
b =l

___________________________________________________________________________

Figure 2. Model framework based on metric learning and local descriptors.

2.1. Meta Task Module

Deep learning essentially uses thousands of pieces of data to train the model and then
gradually updates the model parameters in the opposite direction of loss gradient descent,
so that the accuracy of classification is improved until the optimal model is learned. Gen-
eral deep learning only considers the information between samples, while the relationship
between few-shot tasks is ignored, which leads to the phenomenon of fitting to a single
sample. On the contrary, meta-learning is used to train the model, namely task-level train-
ing. Through the learning of multiple tasks, the parameters are gradually updated to fur-
ther fit the model; that is, the prediction precision is proportional to the learning experi-
ence and the appropriate number of tasks.

The specific method of meta-train is as follows: construct two non-overlapping RS
scene datasets Dseer, and Dypseen, train set Ty.qi, is constructed by random sampling
from dataset Dgpn, and test set Tyo is constructed by random sampling from dataset
Dynseen, then multiple meta-train sets My,,;;, and meta-test sets M,,;; are randomly sam-
pled from train set T4, Likewise, the test set Ti.s; also uses the same sampling method.
Terain = {Merains Mtest}?’=1/ Trest = {Merain, Mtest}livil'

During the training phase, S different classes of images are randomly sampled
from the train set Ti.q;, to constitute a meta-train set M4, = {(%;, ¥;)}i=1. The corre-
sponding meta-test set Mo = {(x;,¥;)}i=1 is from the train set Tyqi, random sampling
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QO images of different categories. In particular, the categories of meta-train sets and meta-
test sets are different, My qin N Miese = @. The task-level training of the model is realized
by meta-training, so that few-shot RS scene classification is simulated by each meta-task,
and the final model has the ability of autonomous learning, as shown in Figure 3.

M M

train test

f—l—\ : I
'
Taskl "’.’ ?
N2 \ - _4 ‘
Dran 7 T2 . -
»

T
=R ! I
B Better generation
N | ) 2
i ? - W on new tasks
|
1

D

train

Overfitting on
the training set N

Figure 3. Comparison between traditional deep learning model training and meta training.

For meta-tasks, model parameters are gradually optimized by training different
meta-tasks. The loss function is expressed as:

N
1 1
LcE = —Nz Li = _NZZyiclog(Pic) (1)
i i c=

The optimization of the model loss L.z has a great influence on the final classifica-
tion result of the model, which directly affects the feature representation V' of the sample.
S represents the number of categories, and y;. represents the symbol function. p;. repre-
sents the final probability that the sample i predicted by the model belongs to category c.

2.2. Embedding Learning Module

The embedded learning module @ is composed of a feature extractor f, and feature

processor &, . The first part of the deep embedding learning module @ is the feature ex-

tractor f,. Similar to the traditional model, the four-layer convolutional blocks are used
as a feature extractor in this paper, which can provide a more equitable comparison in the
experiment.

Four convolution blocks are used to extract image features, and the convolution
blocks uniformly use 3 x 3 convolution kernels to extract feature vectors. In particular, a
batch normalization layer is used after the convolutional layer to prevent gradients from
disappearing or exploding; training speed will also be increased on this basis. In particu-
lar, gradient disappearance or explosion may also occur, and the addition of a batch nor-
malization layer can accelerate the training speed and prevent errors. In addition, due to
the lack of expressiveness of the linear model, the ReLU function can be used to add non-
linear factors to complete complex tasks and reduce the reciprocity of the parameters so
that the overfitting problem is alleviated. The maximum pooling layer provides a transla-
tion-invariant way to extract the edge and texture structure of the image.

The feature extractor f,, uses the parameter ¢ to map the original data domain to
the target feature space, and then learns the feature representation of the image. The fea-
ture vector is expressed as:
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V= f(p (Mtrain) (2)

The feature extractor f, in this article has no fully connected layer (FC); therefore,
the image will output a tensor of 2 x wxd dimensions after passing through the feature
extractor. A feature vector with alength of d is regarded as a local descriptor:

foMerain) = [x1,%z, ., ] € R 3)

m=hw represents the number of d-dimensional local descriptors. For example, the
pixel of the UC Merced is 256 x 256 pixels, and we can obtain a 64 X 64 X 64 tensor, that
is, h =w =64 and d = 64. So, the number of local descriptors is 4096.

The second part of the deep embedded learning module @ is the feature processor
Jx- The adaptability of the model to new samples is affected by the ambiguity of the hid-
den layer representation and the decision boundary in the neural network, resulting in
greatly reduced accuracy on the test data. Therefore, this paper adds the feature processor
Ir, Manifold Mixup is adopted, that is, a regularization method. The role of the regular-
izer is to prevent the increase in model complexity caused by excessive parameters of the
neural network. The phenomenon of overfitting on the training set is prevented, and prop-
erties such as low rank and smoothness of model learning are constrained. The Manifold
Mixup used in this paper fuses both the features of the sample and the labels of the sam-
ple. The formula is as follows:

(o 3) = (mixa (), fi(x)), mixa (v, ")) (4)

where k represents the k-th layer of the neural network, and A is the mixing coeffi-
cient. mix;(fi (%), fi (&) = fi () - 1+ fi.(x") - (1 — 2). The mixing coefficient A uses the
beta distribution, that is A~Beta(a,a). When a =1, 1 is the uniform distribution of
(0,1), that is, A~U(0,1). When a <1, A is the U-shaped distribution, showing the char-
acteristics of large probability at both ends and small probability in the middle. When
a — 0, A ={0,1} is a binomial distribution, that is, the data is not manifold mixed opera-
tion and the original data is not enhanced. When a > 1, similar to a normal distribution,
the probability is small at both ends and large in the middle. When a — oo, the probability
is equal to 0.5, equal to half of the two samples. Here, (y,y') is one-hot labels and
mix;(y,y) =y-A+y" - (1-2).

Unlike traditional regularizers applied to the input space, Manifold Mixup is applied
to the hidden layer of a deep neural network, encouraging the uncertainty of the model,
so that the visual representation of training examples is concentrated in low-dimensional
sub-layers space, thereby generating more discriminative features. By training the neural
network, the intermediate hidden layers of the data are linearly combined so that the
model can enlarge the confidence space and obtain a smoother decision boundary and a
simpler hidden layer representation.

2.3. Metrics Module

There are two main traditional measurement methods. (1) The feature information is
compressed into a compact image-level representation and classified by measuring the
feature vector. (2) The comparison between images is used to directly use image-level rep-
resentation, and classification is performed by measuring image-to-image similarity. The
first method of compressing feature information will lose a lot of discriminative infor-
mation, and the loss caused by this method for few-shot is difficult to recover. The feasi-
bility of the second method is very low, even if the two images in the same category are
very different in the local area. Based on the above defects, this paper uses the method of
comparing local descriptors to achieve scene classification.

Due to the particularity of RS images, different images of the same category will be
very dissimilar, and different images of different categories will also have similarities, so
there will be large errors in directly comparing the features between images, but an image



Remote Sens. 2023, 15, 831

7 of 15

is flipped, sheared, and translated; this will not change the local features. Therefore, local
descriptors extracted and processed by the deep embedding learning module are com-
pared in this paper, and the invariant characteristics of local features are fully utilized.
The method of evaluating the similarity between local features breaks the traditional im-
age-level comparison, which increases the diversity of each few-shot task and provides
richer and more flexible representations to each class.

In the classification, the k-nearest neighbor algorithm is used in this paper. For the
local descriptors [xq, X3, ..., Xp,] of the queryimage g, the k most similar local descriptors
are found in each category of the support set. Angle cosines between vectors are compared
to predict the possibility that the query image g belongs to category c, namely cosine
similarity summation. For cosine similarity, more emphasis is placed on the difference in
direction between the two vectors. The cosine value is inversely proportional to the angle
of the vector:

m k
P(p(),) = ) > cos(x, ) G)
i=1 j=1
T2
cos(x, ) = T (6)

where ¢ represents different categories, and 9?11 represents that the local descriptors in
the query set correspond to the j closest local descriptors in the support set.

2.4. Experiment Methodology

We abandon the traditional model training method and adopt meta-learning, as
shown in Algorithm 1. The computational complexity analysis of the model algorithm is
O(Nlog,N). The training and testing of meta-learning are based on few-shot tasks. Each
task has its own meta-train dataset and meta-test dataset, also known as the support set
and query set. In order to achieve the ability to quickly learn new tasks from training data,
meta-learning regards the entire task set as a training sample during model training. Each
few-shot task forms an episode of training. During the training process, features are ex-
tracted by a convolutional neural network without a fully connected layer, called a feature
extractor, which outputs a tensor of h X w X d dimensions, and the data and labels are
fused separately, that is, enhanced by Manifold Mixup. The feature vector with length d
is regarded as a local descriptor. For the samples in the query set, the deep embedding
module is used to obtain the processed local descriptors, and the k-nearest neighbors of
each local descriptor are found in different categories. Then, the similarity between local
descriptors and k-nearest neighbors is calculated by cosine similarity summation, and the
similarity between query set images and categories is obtained. Finally, the category with
the highest similarity is selected as the prediction result of the query set.

Algorithm 1. Model Training
Input: Meta-model function: G, Initialization parameters: ¢, k, A; Learning rate
hyperparameter: y;
1: Initialization parameters: a,f5;

2: while not done do

3: Randomly sample different few-shot tasks from the meta dataset: 7~p(T);
4 forall t;et do

5: Randomly select n samples from 7; to build Mqin = {(x;, ¥i)}e14

6: Extract embedded features V = f,(M¢qin);

7 Fuse the extracted features and tags separately;

8 (o) = (mixa (i), fu &), mizy (3,

9

Divide the fused features into different local descriptors;
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10: fo(Mprain) = [x1,%2, ..., xn] € L X W X d;
11: Calculate the similarity of local descriptors by Equation (5);
12: Calculate the gradient grad =V, Ly, (fy) using Mg, and Ly, in
Equation (1);
13: Compute adapted parameters with gradient descent:
14: pi=¢ - aVyp kL (f(p)
15: Update parameters: @, k, 4;
16: Sample datapoints M4, = {(x;, ¥)}en from 7; for the meta-update;
14:  end for
15: Update ¢ « ¢ — V11 Xgmpr L, (f (p{) using each My, ,;, and L, in Equation
@®;

15: end while;

During the training process, a meta-task t; is sampled from p(T). Then the model
is trained with K samples and the samples’ loss function L., and the trained model is
tested with the new sample M., generated by p(T). The test error will be used as the
training loss function of the meta-train process.

The model is represented by a function f, with a parameter ¢. When transferred to
anew task t;, the parameter ¢ of the modelis updated to ¢; by gradient rise. When the
first updated:

<p1{ =@ - aV(p,k,ALri (f(p) (7)

The update step « is a fixed hyperparameter, and the meta-learning process on differ-
ent tasks is performed by random gradient ascent. Therefore, the update criterion of ¢ is:

0 e0=8% > Li(fy) ®)

Ti~p(T)

2.5. Dataset Description

Three remote sensing datasets are utilized for comparative and ablation experiments,
which are UC Merced [37], WHU-RS19 [38], and NWPU-RESISC45 [39]. Detailed descrip-
tions of the three data sets are given in Table 1.

Table 1. Descriptions of UC Merced NWPU-RESISC45 and WHU-RS19.

Dataset Classes Images Train/Val/Test Shape
UC Merced 21 2100 10/5/6 256 x 256
NWPU-RESISC45 45 31,500 25/10/10 256 x 256
WHU-RS19 19 1005 9/5/5 600 x 600

The UC Merced dataset contains 2100 images, which are divided into 10: 5: 6 for ex-
periments; the spatial resolution of each image is 0.3 m with 256 x 256 pixels. As shown in
Figure 4. Many RS scene classification researchers have applied this data set to experi-
ments since it appeared. This data set has too much noise, so it is more classification chal-
lenging. NWPU-RESISC45 has 45 image categories, which is the most in the three data
sets, and its image pixels are the same as the previous data sets. Currently, this dataset
has the largest number of scene categories and image totals. WHU-RS19 is a dataset that
contains 19 categories with a total of 1005 images, of which pixels are the largest in the
three datasets.
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Figure 4. Scene images derived from 21 categories in the UC Merced dataset.

The RS images are divided into three parts. Two of these are used for training and
validation of the model, while another dataset evaluates the model through cross valida-
tion. For the training task, five scene categories were randomly selected from the dataset
Dirain to simulate the few-shot task. Extract one and five samples from each category to
form a meta-task. For each test task, five scene categories were also randomly selected in
the dataset Dy, with one and five labeled samples for each scene category.

2.6. Experiment Setups

For traditional deep learning, an iteration represents the entire data set propagating
forward once through a neural network. For the few-shot learning in this experiment, alt-
hough one or several label samples are randomly sampled in each task, all samples are
likely to be sampled when the number of tasks is large enough. 8000 training tasks were
set in the experiment, the initial value of the learning rate was 0.005, and the initial pa-
rameters of the optimizer were set to 0.5. In addition, the generalization of all models is
evaluated by cross-entropy loss. All experiments were set to five scene categories, with
one sample and five samples selected for each scene category. Theoretically, the more
samples of the scene, the higher the accuracy of the experiment. In order to avoid the
model’s preference for specific data, all experiments were randomly sampled from Dy,
for 15 tests. For the test results, 600 few-shot tasks were sampled to test the model, and
the test results were averaged to obtain the final result.

The accuracy assessment metrics of our experiment is usually N-way K-shot. N cat-
egories are selected, and K samples are selected for each category. Generally, N €
{5,10,15,20}, K € {1,5}. In the model training phase, the training model is constructed and
trained on the selected N X K samples. In the test phase, K samples from N categories are
selected to perform the N-way K-shot classification task. According to the prediction re-
sults, the prediction category is determined, and the accuracy rate of the prediction cate-
gory consistent with the actual category is the accuracy assessment metrics.

3. Results
3.1. Experiment on UC Merced Dataset

In the few-sample RS scenario, the proposed model (MLLD) performs well on the
relatively complex public dataset at UC Merced. Table 2 shows the final comparison re-
sults, where the classification result is obtained by testing ten rounds. The test results are
the average of 600 few-shot tasks on the new set. The other eight representative methods
were compared under the 5-way 1-shot and 5-way 5-shot. Eight scene classification
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methods for few-shot RS images: MAML, MatchingNet, Relation Network, Meta-SGD,
Prototypical Network, TPN, DLA-MatchNet, RS-MetaNet. Our model and these eight net-
works are based on different ways of meta-learning for effective model training, so they
have better comparative value. The results in the table clearly show that our MLLD per-
forms best compared to the other eight methods. Compared with RS-MetaNet, which ap-
plies the meta-method for training and improves generalization ability through balance
loss, our model (MLLD) shows superior performance. In addition, compared with the
DLA-MatchNet of the feature learning module with attention mechanisms, our model
(MLLD) can also improve accuracy. Moreover, our MLLD yields 1.82% and 5.29% im-
provements compared with RS-MetaNet and DLA-MatchNet in the 5-way 1-shot case,
respectively. In addition, our MLLD yields 1.68% and 14.75% improvements in the 5-way
5-shot case, respectively.

Table 2. Classification accuracy on the UC Merced dataset.

Method 5-Way 1-Shot 5-Way 5-Shot
MAML [33] 43.65 +0.68 58.43 + 0.64
MatchingNet [34] 46.16 +0.71 66.73 + 0.56
Relation Network [35] 48.89+0.73 64.10 = 0.54
Meta-SGD [40] 50.52 +2.61 60.82 +2.00
Prototypical Network [6] 52.62 £0.70 65.93 + 0.57
TPN [41] 53.36 £ 0.77 68.23 +0.52
DLA-MatchNet [23] 53.76 + 0.60 63.01+0.51
RS-MetaNet [24] 57.23 £0.56 76.08 £0.28
MLLD (ours) 59.05 + 0.75 77.76 +0.52

3.2. Experiment on WHU-RS19 Dataset

In order to illustrate the credibility of the model (MLLD) and to achieve better results
for different datasets, this paper also conducted experiments on the WHU-RS19 dataset.
The comparison results of the experiment are shown in Table 3.

Table 3. Classification accuracy on the WHU-RS19 dataset.

Method 5-Way 1-Shot 5-Way 5-Shot
MAML [33] 46.72 £ 0.55 79.88 +0.41
MatchingNet [34] 60.60 = 0.68 82.99 +0.40
Relation Network [35] 60.54 +0.71 76.24 +0.34
Meta-SGD [40] 51.54 +2.31 61.74 +2.02
Prototypical Network [6] 70.88 + 0.65 85.62+0.33
TPN [41] 59.28 +0.72 71.20 = 0.55
DLA-MatchNet [23] 68.27 +1.83 79.89 +0.33

RS-MetaNet [24] - -

MLLD (ours) 76.07 = 0.65 90.69 +0.27

After 10 rounds of testing on 600 tasks randomly sampled from the new set, the final
accuracy is obtained by averaging the test results. Table 3 shows that each of the five cat-
egories was tested with one sample and five samples, and the experimental accuracy of
the model proposed in this paper can reach 76.07% and 90.69%, surpassing the prototyp-
ical network with 5.19% and 5.07% improvements, respectively. It indicates that an em-
bedded learning module with Manifold Mixup can learn robust and accurate feature rep-
resentation. In addition, local descriptors can be accurately classified by measuring them.
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3.3. Experiment on NWPU-RESISC45 Dataset

The images in the NWPU-RESISC45 dataset are the most in the three datasets and
are assigned a ratio of 25:10:10. In the few-shot RS image scenario, the test results of the
model are shown in Table 4.

Table 4. Classification accuracy on the NWPU-RESISC45 dataset.

Method 5-Way 1-Shot 5-Way 5-Shot
MAML [33] 37.36 £ 0.69 45.94 + 0.68
MatchingNet [34] 54.46 £ 0.77 67.87 +0.59
Relation Network [35] 58.61 +0.83 78.63 +0.52
Meta-SGD [40] 60.63 + 0.90 75.75 + 0.65
Prototypical Network [6] 50.82 +0.84 74.39 +0.59
TPN [41] 66.51 £ 0.87 78.50 + 0.56
DLA-MatchNet [23] 68.80 £ 0.70 81.63 £ 0.46
RS-MetaNet [24] 52.78 +0.09 71.49 £ 0.81
MLLD (ours) 65.88 + 0.83 82.06 + 0.53

According to Table 4, the accuracy of the classification model can reach 65.88% and
82.06% in one sample of five categories and five samples of five categories. Compared
with the DLA-MatchNet, it is improved on 5-way 5-shot, but the accuracy is 3% lower on
5-way 1-shot. The reason for this result may be that the NWPU-RESISC45 data set is more
complex, the image is blurred, and the noise is more. The subsequent research can im-
prove image quality and further enhance experimental results by denoising data sets. In
addition, our experiments are better than the other models.

3.4. Ablation Studies

Figure 5 shows the loss visualization of different models on the WHU-RS19 dataset
on a 5-Way 1-Shot. The information in the figure shows that after 125 iterations, the model
loss of this experiment is almost 0, and there is no longer a jump in the later period. The
benchmark model’s early convergence rate is very slow and difficult to achieve conver-
gence. In this paper, the feature extractor is replaced by ResNet256 for comparison. From
the information in Figure 5, it can be concluded that the speed of extracting features with
ResNet256 is faster in the early stages, but after 125 iterations, there will still be a jump. It
shows that MLLD can achieve more accurate and stable results when classifying different
few-shot tasks. Figure 6 clearly illustrates the comparison results of our model and the base-
lines for training loss (a) and validation accuracy (b). The number of iterations for the train-
ing loss is 80,000. The model loss approaches zero as the number of iterations increases, and
our model training loss decreases faster. The number of iterations for validation accuracy is
8000, and Figure 6b shows that our validation accuracy is higher than the baseline.
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Figure 6. Comparison of training loss and validation accuracy for 5-way 1-shot scenarios on the
NWPU-RESISC45 dataset. (a) shows the training loss, and (b) shows the validation accuracy.

Figure 7 shows the results of the ablation experiment on three datasets. The model
(MLLD) in this paper has a greater improvement, that is, this model shows a significant
effect on few-shot tasks, especially when one sample per category is more sensitive. The
effect is best in the WHU-RS19 dataset, indicating that the model is more accurate for
feature extraction from training samples in this dataset.
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Figure 7. Ablation experiment of three datasets. (a) is the ablation experiment on 5-way 1-shot,
and (b) is the ablation experiment on 5-way 5-shot.
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Figure 8 shows the classification accuracy of the datasets used in this paper in five
categories, with 1, 5, 10, 15, and 20 samples in each category. The information in the figure
indicates that the classification result is proportional to the number of samples, and along
with the increase in samples, the classification correct probability is also constantly im-
proving. However, the classification accuracy increases faster on 1-shot to 5-shot, and the
classification accuracy increases more slowly on 10-shot to 20-shot, indicating that the
model is more effective for few-shot. The final results on the data sets WHU-RS19, NWPU-
RESISC45, and UC Merced indicate that the model in this paper is more sensitive to WHU-
RS19, while the UC Merced data set is more complex, more noisy, and more difficult to
distinguish.

100 A
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=fe UC Merced WHU-RS19
90 1 80
o
g8 ———— T - 2
i g
H 5 40
% g0 =
] 2
@ s
= 7 - 3
= / £
g 1 i
® 70 / 5
- =
& - /. 20
ot
T T T T T 0 T T T T T
1-Shot 5-Shot 10-Shot 15-Shot 20-Shot 1-Shot 5-Shot 10-Shot 15-Shot 20-Shot
MNumber of shots S5-way N-shot
(a) (b)

Figure 8. The effect of different shots on 5-way N-shot accuracy on UC Merced, NWPU-RESISC45,
and WHU-RS19 datasets. (a) is the influence of different shots shown in the line chart, and (b) is the
influence of different shots shown in the histogram.

4. Discussion

The application requirements of remote sensing image scenes in urban supervision,
resource exploration, and natural disaster detection are gradually increasing. Therefore,
remote sensing scene classification is an urgent problem that needs to be solved. However,
due to the characteristics of background confusion and image noise in RS images, as well
as the boundary blurring of neural networks, the classification accuracy will be reduced.
Therefore, this paper proposes a classification method based on metric learning and local
descriptors (MLLD), which structures an embedded learning module and a metric mod-
ule. The embedded learning module learns model parameters through meta-training on
multiple few-shot tasks, then extracts features through a four-layer convolutional network
and fuses feature vectors and labels. The visual representation of the sample is concen-
trated in a low-dimensional subspace to produce more discriminative features. The fea-
ture vector is divided into local descriptors, and then the similarity between the image
and the category is calculated by the measurement module according to the local feature
invariance.

The summary of this paper is summarized as follows:

By studying the data augmentation strategy, a novel embedded learning module
with the data-dependent regularization operation is added. This module adds Manifold
Mixup to smooth the decision boundary and learn accurate feature representation in few-
shot RS scene classification.

According to local invariant features, we replace the metric based on image-level fea-
tures with an image-to-class metric based on local descriptors. The measurement based
on local features can effectively avoid the error caused by image-level feature
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representation and prevent the loss of some discriminative information that leads to inac-
curate measurement.

Experiments were conducted on three remote sensing data sets, namely UC Merced,
WHU-RS19, and NWPU-RESISC45. Experimental results show that our model (MLLD)
has a significant effect on few-shot RS image classification, which can improve the short-
comings of previous models and further enhance the classification accuracy. The classifi-
cation result of the three datasets on a 5-way 1-shot can reach 59.05%, 65.88%, and 76.07%,
respectively, and on a 5-way 5-shot, it can reach 77.76%, 82.06%, and 90.69%, respectively.
Experiments show that the embedded learning module based on Manifold Mixup and the
measurement module based on local descriptors are proven to effectively improve the
classification accuracy of a few-shot RS image.
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