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Highlights

What are the main findings?

e An unsupervised band selection algorithm (US-BS-Net) incorporating contrastive
learning was proposed, which effectively identifies sensitive spectral bands from UAV
hyperspectral data and reduces data redundancy while preserving discriminative
feature representations.

e  The US-BS-P-Net framework, combining US-BS-Net with a prototypical network,
achieved a high overall accuracy of 93.15% for shrub identification with 80 selected
bands, outperforming full spectrum inputs and other deep learning models in small-
sample scenarios.

What are the implications of the main findings?

e  The deep synergy between hyperspectral technology and deep learning provides
an effective solution for distinguishing between shrubs and herbs, such as spectral
similarity and mixed spatial distribution, thereby enabling more accurate and scientific
monitoring of shrub-encroached grasslands.

e  The proposed framework offers a practical and efficient approach for fine-grained
shrub distribution mapping, which can support informed decision-making in grass-
land management, ecological assessment, and targeted prevention or control strategies
for shrub encroachment.

Abstract

Accurately extracting the spatial distribution of shrubs is an important basis for scientific
diagnosis, rational prevention, and control of shrub-encroached grasslands (SGs). In SGs,
the landscape exhibits a high degree of spatial intermingling among shrubs, herbaceous
vegetation, and bare soil, resulting in a serious issue of mixed pixels. The combination
of UAV hyperspectral imaging and deep learning provides the most promising technical
approach for shrub—grass separation at present. However, issues such as data redundancy
and algorithmic adaptability urgently need to be addressed. In this study, Caragana micro-
phylla Lam, a typical shrub species found in the SGs of Inner Mongolia, is the subject for
extraction. This work aims to extract sensitive spectral bands from UAV hyperspectral data,
construct a deep learning-based framework for shrub identification, and map the distribu-
tion of Caragana microphylla Lam in the study area. First, a dataset of hyperspectral images
in Xilinhot City, Inner Mongolia, China, was constructed by manual visual interpretation

Remote Sens. 2026, 18, 2887

https://doi.org/10.3390/rs18172887


https://crossmark.crossref.org/dialog?doi=10.3390/rs18172887&domain=pdf&date_stamp=2026-08-26
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0000-0002-0275-1532
https://doi.org/10.3390/rs18172887

Remote Sens. 2026, 18, 2887

2 of 24

for shrub identification. Second, a novel unsupervised band selection algorithm, US-BS-
Net, was proposed to optimize the proxy task of BS-Conv-Net by introducing contrastive
learning. It can be used to obtain sensitive spectral bands with discriminative feature
representations. Finally, the US-BS-P-Net framework was proposed by combining the
US-BS-Net with the prototypical network to construct high-precision shrub identification
models in small-sample scenarios. Taking 80 bands as input, the highest overall accuracy
reaches 93.15%, which is better than the full spectrum and other deep learning models. The
deep synergy between hyperspectral technology and deep learning effectively overcomes
traditional challenges such as spectral similarity between shrubs and grasses and their
mixed spatial distribution. In particular, the proposed US-BS-P-Net, which combines the
advantages of US-BS-Net in sensitive band extraction and the prototypical network in

few-shot model construction, provides excellent fundamental data for precise monitoring
of SGs.

Keywords: shrub-encroached grasslands; shrub identification; contrastive learning;
unsupervised band selection; prototypical network

1. Introduction

The shrub encroachment of global grassland ecosystems has significantly increased,
mainly manifested by the expansion of shrubs [1,2]. Driven by multiple factors, includ-
ing climate change, rising atmospheric CO, concentrations, overgrazing, and reduced
fire disturbance, shrubs are gradually replacing herbs with their strong competitiveness,
becoming the dominant species in communities or regions [3]. Statistics show that the
global shrub-encroached grasslands (SGs) reached 5.52 x 106 km? in 2018 [4]. The SGs
in China are mainly distributed in the Inner Mongolia Autonomous Region, and their
dominant species is Caragana microphylla Lam, covering an area of over 5.1 x 104 km? [5,6].
Shrub encroachment, a structural change in grassland ecosystems, not only reshapes
the spatial distribution of vegetation but also poses a serious challenge to grassland
ecosystem services and the sustainable development of animal husbandry [7]. There-
fore, accurately monitoring the extent of SGs and understanding their dynamic spatial
patterns support scientific decision-making for early warning of grassland degradation and
differentiated management.

A space—air—ground remote sensing system has been established, with multiple plat-
forms, multi-modal, and three-dimensional observation capabilities, making it possible
to monitor SGs at multiple scales [8,9]. Satellite-based remotely sensed data has become
the main technique for identifying SGs due to its large observation range and low data
acquisition cost [10,11]. However, it is difficult to accurately identify individual or young
shrubs due to the limitations of spatial resolution and the availability of dense temporal
data [12]. Unmanned aerial vehicle (UAV) remote sensing has the advantages of high
spatial resolution, minimal impact from cloud cover, flexibility, low data acquisition cost,
and rapid timeliness. UAVs can carry a variety of sensors, including multispectral, hy-
perspectral, and LiDAR, to acquire high-resolution, multimodal remotely sensed data. A
previous study has shown that in scenes with simple shrub—grass distribution, such as
desert steppes, high-precision identification of shrubs can be achieved using UAV mul-
tispectral images with visible and near-infrared spectra [13]. However, it is still difficult
to effectively distinguish the spectral mixing features of shrubs and grasses in typical
grasslands [14]. Considering this defect, the high-resolution diagnostic spatial-spectral
features of UAV hyperspectral images can effectively distinguish between different ground
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materials and vegetation types [15], potentially facilitating the precise identification of
shrubs within different types of SGs.

The high spatial-spectral resolution of UAV hyperspectral data means large data
volume and feature redundancy [16]. Traditional feature engineering methods based on
prior knowledge are often targeted at specific scenarios, have weak generalization capa-
bilities, and are inefficient in extracting features from high-dimensional remotely sensed
data [17], hindering the construction of accurate shrub identification models. Dimensional-
ity reduction in hyperspectral data to extract representative spatial-spectral features is an
effective way to filter out redundant information [18,19]. Related dimensionality reduction
methods can be divided into feature extraction and band selection. The former maps the
high-dimensional features of hyperspectral data into a low-dimensional space according
to a certain feature transformation principle [20], while band selection directly selects
the most representative bands from the spectral information of the original hyperspectral
image [21-23]. Feature extraction methods maximize the preservation of hyperspectral data
information, but their destructive dimensionality reduction leads to weak interpretability.
In contrast, band selection offers advantages in preserving the physical meaning of bands
and enhancing scientific understanding of ground object characteristics [24]. But how to
develop a scientific and reasonable criterion for assessing band importance is still a chal-
lenge. In the field of deep learning, band selection algorithms assist spectral reconstruction
tasks with self-supervised learning paradigms to extract optimal bands [25,26]. For exam-
ple, a previous study proposed a band selection algorithm based on deep convolutional
neural network, i.e., BS-Net-Conv, whose core idea is to reconstruct complete spectral
information using a few informative bands [27]. However, BS-Net-Conv relies on a global
autoencoder for its proxy task and lacks the learning of discriminative spectral features,
which may cause the omission of key information in important bands. Contrastive learning
has significant advantages in learning discriminative feature representations by comparing
the similarity of positive and negative samples in the embedding space [28]. Inspired by
it, this study will fully utilize the innovation of contrastive learning in the expression of
discriminative features to improve BS-Conv-Net and optimize the spectral band selection
from UAV hyperspectral images.

Generally, the more parameters a deep learning network has, the more complex the
training process will be and the larger the sample size required for model training. In
particular, the foundation models in computer vision that have emerged in recent years have
put forward higher requirements on computer performance and sample construction [29,30].
The strong generalization ability of deep learning models in various downstream tasks
is often closely related to high-quality and large sample quantities. Currently, there is
still a lack of large-scale datasets for identification of grassland shrubland using remotely
sensed data, and manual visual interpretation of samples is inefficient and costly. The
imbalance between the high-dimensional spatial-spectral features of hyperspectral data
and the small number of labeled samples is the main reason for overfitting of identification
models. Although unsupervised and semi-supervised algorithms can alleviate model
overfitting caused by insufficient training samples to a certain extent, their results largely
depend on the preset auxiliary training tasks [31]. In contrast, metric-based few-shot
learning algorithms do not require complex auxiliary tasks and are trained by decomposing
the dataset into different meta-tasks to adapt to new tasks unseen in training. Taking this
strategy, metric learning learns how to cope with new small-sample problems by simulating
and solving them in each training iteration [32-34]. For example, the prototypical network
constructs a prototype for each class and employs nearest neighbor clustering to ensure
that each sample in the feature space is close to its class prototype. It has been widely used
in hyperspectral image classification tasks [35,36]. Metric learning has the advantages of
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a simple network structure, no need for complex hyperparameter optimization, and the
ability to leverage prior knowledge to guide new tasks.

To address the high-dimensional feature redundancy of hyperspectral data and the
sample dependence of deep learning shrub identification models, a US-BS-P-Net framework
is proposed by combining a novel unsupervised band selection algorithm with metric
learning. By mining the spectral feature expression of shrub patches and extracting sensitive
bands for shrub identification, the US-BS-P-Net leverages the advantages of metric learning
in dealing with small-sample problems, constructing a high-precision shrub identification
model in small-sample scenarios, and achieving accurate identification and mapping of
shrub patches in SGs. The specific contributions are summarized as follows.

1. A novel band selection algorithm was constructed, i.e., US-BS-Net, which introduces
unsupervised contrastive learning into BS-Net-Conv to help learn the discriminative
feature representation between spectral bands of different ground objects and optimize
the selection of sensitive bands.

2. Ashrub identification framework in SGs was proposed, US-BS-P-Net, which combines
the above-mentioned US-BS-Net and the metric-based prototypical network to achieve
a high-precision shrub identification model in small-sample scenarios.

2. Materials and Methods

2.1. Study Area and Data Preprocessing
2.1.1. Study Area and Quadrat Survey

The study area is located in the northeast of Xilinhot City, Inner Mongolia, China
(44°50'~44°51'N, 116°21'~116°22'E), which is a typical SG region of Caragana microphylla
Lam (Figure 1). The northern region of Xilinhot City is dominated by gentle plains, with
an altitude ranging from 939 to 952 m. Affected by the semi-arid continental climate in
the mid-temperate zone, the study area is cold and dry in winter and warm and humid
in summer, with an average annual precipitation of 309 mm, an average annual frost-free
period of 144 days, and an average annual temperature of 0-3 °C. The growing season of
vegetation usually lasts approximately 150 days per year from April to September. The
dominant grass species include Stipa krylovii and Leymus chinensis. Caragana microphylla
Lam is the only shrub species naturally growing in the study area.

A total of 40 quadrats were surveyed on 8 August 2024, including 17 grass quadrats,
with 1 m? and 23 shrub quadrats (Figure 1b). To match the quadrats of Caragana micro-
phylla Lam with unmanned aerial vehicle remotely sensed images, a real-time kinematic
(RTK) device was used to conduct GNSS positioning on each shrub. As shown in Table 1,
Caragana microphylla Lam in the study area has a mean height of 35 cm, a mean crown
area of 212 x 162 cm?2, and a mean basal area of 117 x 91 cm?2. It has the characteristics of
low growth, irregular and scattered distribution, which poses a challenge for accurately
extracting shrubs in SGs.

Table 1. Quadrat survey data of Caragana microphylla Lam.

No.  Number of Tillers Crown Area (cm?) Basal Area (tm?)  Height (cm)
1 17 167 x 137 39 x 21 45
2 77 256 x 229 178 x 156 47
3 87 275 x 193 206 x 154 18
4 111 245 x 178 158 x 150 33
5 32 186 x 138 62 x 77 48
6 39 194 x 143 69 x 52 54
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Table 1. Cont.

No.  Number of Tillers Crown Area (cm?) Basal Area (tm?)  Height (cm)

7 37 189 x 152 75 X 76 28
8 56 202 x 144 113 x 61 31
9 39 147 x 98 99 x 54 36
10 88 259 x 212 168 x 151 40
11 47 324 x 266 123 x 123 58
12 114 288 x 162 192 x 79 57
13 35 141 x 115 39 x 50 18
14 64 160 x 138 95 x 69 40
15 83 207 x 152 104 x 82 25
16 41 176 x 167 83 x 85 46
17 67 214 x 132 128 x 57 23
18 56 171 x 147 101 x 62 30
19 31 191 x 132 92 x 73 18
20 75 193 x 158 136 x 119 26
21 90 222 x 163 134 x 112 13
22 79 227 x 183 182 x 112 24
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Figure 1. Overview of study area and spatial distribution of quadrats. (a) Location of study area;
(b) digital orthophoto map derived from UAV LiDAR and location of quadrats; (c) shrub-encroached
grassland landscape of Caragana microphylla Lam.

2.1.2. Hyperspectral Data Acquisition and Preprocessing

The UAV hyperspectral imagery was acquired using a DJI M300 Pro drone equipped
with a ULTRIS X20 Plus imager produced by Cubert (Ulm, Germany). The spectral range is
350-1002 nm, including 164 bands, with a spectral resolution of 10 nm and a spectral sam-
pling interval of 4 nm. Hyperspectral imagery acquisition and quadrat survey coincided
with the vigorous growth period of Caragana microphylla Lam, allowing for effective differ-
entiation between shrubs and non-shrubs. The drone flight mission took place between
11:00 AM and 1:00 PM in clear, cloudless weather with a light breeze. Pre-flight calibration
was performed with a whiteboard, and the flight altitude was set to 100 m and the speed to
5m/s. Forward and side overlaps were set to 80%, and the spatial resolution was 5.8 cm.
The UAV hyperspectral imagery was stitched and radiometrically corrected to extract the
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spectral reflectance of each band. To eliminate interference from light and atmosphere, a
quick atmospheric correction method was applied to the hyperspectral imagery, ensuring it
reflects the true reflectance of the ground materials. Furthermore, the Savitzky-Golay filter
was used to process the hyperspectral data to smooth the noise. Finally, taking the ground
control points obtained by RTK as a reference, the georeferencing function of ArcMap 10.8
software was adopted to align the hyperspectral image with the digital orthophoto map
(DOM) derived from UAV LiDAR, with a total backward root mean square error < 1 pixel.

2.1.3. Dataset Construction

The shrub identification dataset, covering a sub-region with 340 x 230 m?
(5811 x 4014 pixels) of the study area, consists of UAV hyperspectral images and the
vector corresponding to their labeled pixels (Figure 2). Taking hyperspectral data as the
base map, assisted by GNSS positioning data and DOM images, the pixels are labeled by
manual visual interpretation. To avoid the influence of spatial autocorrelation of the sam-
ples on model validation, the shrub patches were labeled as much as possible throughout
the area. Due to the enormous number of non-bush pixels, only 9 typical sub-regions of the
hyperspectral images were selected for subtle vectorization, which meets the principles of
uniform distribution and sample balance of different classes. First, the vectorized result is
converted into a raster with the same resolution as the hyperspectral data. Then, taking the
raster image as a mask, a sample was constructed by cropping a spatial-spectral cube with
a fixed patch size, such as 21 x 21 x 164, on the hyperspectral image. Each sample adopts
the label corresponding to its center pixel as the class. Finally, the shrub identification
dataset is constructed from all samples with semantic information. The dataset of this study
has a total of 8,982,979 samples, of which 4,407,170 are shrubs, and 4,575,809 are non-shrubs
(Table 2). A ratio of 0.01:0.99:99 is used to divide the training set, validation set, and test set
to simulate the shrub identification task under small-sample scenarios. Among them, the
training set is used to construct the shrub identification models, which will be evaluated for
accuracy in the validation set, while the test set will be used for the visualization analysis
of the model’s prediction results in the entire region.

116°21'30"E
1

44°50'45"N

44°50'45"N

T
(@) 116°21'30"E (b)
RGB Legend
I Red: 638 nm (No. 73) 0 6 120 150 " Il Unclassified
[ Green: 558 nm (No. 53) Meters Shrub
I Blue: 482 nm (No.34) Non-shrub

Figure 2. Description of the shrub identification dataset. The dataset includes UAV hyperspectral
images (color synthesis, Red: 638 nm, Green: 558 nm, Blue: 482 nm) (a) and the vector corresponding
to their labeled pixels (b).
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Table 2. Sample division of the shrub identification dataset.

Class Name Training Set ~ Validation Set Test Set Total

Ratio (%) 0.01 0.99 99.00 100.00
Shrub 441 43,630 4,363,099 4,407,170
Non-shrub 457 45,301 4,530,051 4,575,809
Total 898 88,931 8,893,150 8,982,979

2.2. Overview of the US-BS-P-Net

In this work, a novel US-BS-P-Net framework is proposed for shrub identification in
SGs by combining an unsupervised deep learning band selection algorithm with a few-shot
learning method. As shown in Figure 3, an unsupervised band selection algorithm, which
includes a spectral attention module, L1 regularization, an auto-encoder, and contrastive
learning, is constructed to extract informative spectral bands from raw UAV hyperspectral
images. By introducing contrastive learning into BS-Net-Conv, the band selection model can
not only learn the global interactions and nonlinear dependencies between spectral bands,
but also extract discriminative feature representations that are beneficial to downstream
shrub identification tasks. Then, the weight of each band is sorted to obtain the top-k
sensitive bands as input for subsequent classifier construction. Finally, the prototypical
network, a classic metric-based few-shot learning method, is adopted to build a shrub
identification model, thereby achieving accurate extraction of shrubs in SGs under small-
sample scenarios. For a detailed description of the proposed algorithm, please continue
reading Sections 2.3 and 2.4.

Spectral reconstruction loss Lsr
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Figure 3. Overview of the US-BS-P-Net framework. US-BS-P-Net consists of an unsupervised deep
learning band selection algorithm and a few-shot learning method.

Spectral attention module: The spectral attention module consists of a two-dimensional
convolutional neural network, a global pooling layer, and a multi-layer perceptron network,
which is used to extract informative spectral bands from the complete hyperspectral image
cube. Taking a 164 x 5 x 5 image cube (with 164 bands and a spatial patch size of 5 x 5)
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as input, the specific network structure is consistent with the literature [27], as shown in
Table 3.

Table 3. The network structure of the spectral attention module.

Layer (Type) Input Shape Output Shape
BatchNorm2d [164, 5, 5] [164, 5, 5]
Conv2d [164, 5, 5] [64, 3, 3]
BatchNorm2d [64, 3, 3] [64, 3, 3]
ReLU [64, 3, 3] [64, 3, 3]
AdaptiveAvgPool2d [64, 3, 3] [64,1, 1]
Flatten [64,1, 1] [64]
Linear [64] [128]
ReLU [128] [128]
Linear [128] [164]
Sigmoid [164] [164]

L1 regularization: To make the band weights as sparse as possible to simulate the
reconstruction and contrast tasks from a few key spectral information to global spectral
bands, L1 regularization is used to constrain the band-weight output by the spectral
attention module.

Auto-encoder: The basic architecture of the band selection algorithm proposed in
this study is a convolutional autoencoder, whose goal is to extract the spatial-spectral
information of the sample and restore the reweighted spectral bands to the original counter-
part. The auto-encoder contains an encoder and a decoder, which are used to extract deep
features and up-sample feature maps to the shape of the original sample. Assuming that
the input size of samples is 164 x 5 x 5, the specific network structure of the auto-encoder
is shown in Table 4.

Table 4. The network structure of the auto-encoder.

Layer (Type) Input Shape Output Shape
Conv2d [164, 5, 5] [128, 3, 3]
BatchNorm2d [128, 3, 3] [128, 3, 3]
ReLU [128, 3, 3] [128, 3, 3]
Conv2d [128, 3, 3] [64,1,1]
BatchNorm2d [64,1,1] [64,1, 1]
ReLU [64,1,1] [64,1,1]
ConvTranspose2d [64,1,1] [64, 3, 3]
BatchNorm2d [64, 3, 3] [64, 3, 3]
ReLU [64, 3, 3] [64, 3, 3]
ConvTranspose2d [64, 3, 3] [128, 5, 5]
BatchNorm2d [128, 5, 5] [128, 5, 5]
ReLU [128, 5, 5] [128, 5, 5]
Conv2d [128, 5, 5] [164, 5, 5]
Sigmoid [164, 5, 5] [164, 5, 5]

Contrastive learning: By introducing unsupervised contrastive learning in the spectral
reconstruction process, the reweighted sample is similar to its corresponding original one
and far away from others, thereby improving the ability of the model to learn discriminative
feature representations. Please refer to Section 2.3 for details.

Prototypical network: It is a simple but effective metric-based few-shot learning
method that constructs high-precision shrub identification models by learning the prototype
of each class and clustering samples towards its prototype in deep feature space. The
specific algorithm will be introduced in Section 2.4.
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2.3. US-BS-Net for Spectral Band Selection

How to reduce the dimensionality of hyperspectral data with hundreds of bands
and extract sensitive spectral bands for specific tasks is a key topic in the field of UAV
hyperspectral image applications. To improve the ability of the unsupervised band selection
model to learn discriminative spectral feature representations, a classic unsupervised
contrastive learning algorithm, named SimCLR [37], is introduced into BS-Net-Conv to
construct US-BS-Net in this part, thereby achieving discriminative spectral band extraction.
Next, this paper will describe the components of the proposed US-BS-Net in detail.

Given a hyperspectral data cube x € R°*P*? (c represents the number of bands and p is
the spatial patch size of the sample) as input, the spectral attention module constructs a non-
negative band-weight tensor w € Re*1*1 (Equation (1)) by learning the global interaction
and nonlinear dependency between spectral bands.

w=0(g(x;6p)), 1)

where ¢(+) denotes the function of network weights, 6, is the trainable parameters of the
spectral attention module, and o (+) represents a sigmoid function, which is used to map
the weights of spectral bands to the range of 0-1.

Subsequently, according to the amount of spectral information contained in each
band, a band-wise multiplication operator is adopted to assign weights to them, thereby
constructing a reweighted sample x’ € R°*P*? can be defined by Formula (2).

¥ =x®uw, 2)

Here ® denotes a band-wise multiplication operator.

To sparsify the above-mentioned weights tensor and improve the interpretability
of the band selection model in extracting sensitive bands, L1 regularization is imposed
as a constraint on band-weight learning. Assuming there is a batch of samples (set
X ={x;,i € 1...n} where n is the number of samples), the L1 regularization loss L;,s, can
be defined as Formula (3).

n
Ligsso = D‘Z|wi|/ 3)
i=1
where « denotes a regularization coefficient, which is used to trade off the L1 regularization
loss with others, and |e| represents an absolute value operator.

Next, a convolutional auto-encoder network is employed to recover the original
spectral bands from the reweighted ones so that the reconstructed sample £ € R*P*? is
as close as possible to the original sample x € R°*P*P. Its objective function is the mean
square error, which is used to evaluate the spectral reconstruction performance of the
model. The spectral reconstruction loss L, is shown in Formula (4).

Lo = 1Y fuei) — fael20) B, @
i=1

where 7 is the number of samples in a training batch; fz(-) represents the embedding
function of the auto-encoder network.

Different from BS-Net-Conv, a SimCLR algorithm is introduced to construct a con-
trastive learning loss L in the band selection process to obtain discriminative spectral
bands. This study randomly selects n original samples for a training task; then, there will
be n reweighted samples constructed by the spectral attention module in the proposed
US-BS-Net. Both together form a sample set X = {x;,i € 1...2n}. Therefore, for original
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sample x;, its reweighted sample x; is a positive sample, and the others are negative samples.
The L can be calculated according to Formula (5).

Ly = —log - exp(f(x;)ef(xj)/7) / 5

k§1 Lizi exp(f (xi)ef (xx) / T)

where f(e) is the embedding function of the encoder network; T represents a temperature
coefficient; and e denotes an inner-product operator.

Finally, the overall objective function Ly; of US-BS-Net is composed of L1 regularization
loss, spectral reconstruction loss, and contrastive learning loss, as shown in Formula (6). By
minimizing it, the network parameters of US-BS-Net can be updated with gradients, and
the discriminative spectral band can be obtained.

Lps = Lsy + Ligsso + Lets (6)

2.4. Metric-Based Prototypical Network for Shrub Identification

Prototypical network, a classic metric-based few-shot learning method, has been
widely used in hyperspectral image classification applications in recent years due to its
simple network structure, fast fitting, and excellent performance [35,38]. Although the
research on shrub identification is still lacking, its potential for high-precision extraction of
shrubs in SGs cannot be ignored.

Taking the top k bands ranked by spectral weights in Section 2.3 as input, the pro-
totypical network is adopted to construct shrub identification models. The core of the
prototypical network is to learn and build the cluster center of each type, namely the
prototype. Different from the general classification network, the prototypical network
adopts episodic sampling to obtain a batch of training samples. For example, C-way-K-shot
episodic sampling means that C categories are randomly selected, where each category
has N query samples and K support samples. For the c-th category, assuming that the
set of support samples is S; = {x;,i € 1...C x K}, the prototype P, can be calculated by
averaging the deep features of the support samples. The formula is as follows:

1
Pe= gL e, F(30), @

where f () is the embedding function of the prototypical network.

The query samples are used to construct the loss function of the prototypical network
and validate the model. Specifically, given a query sample x;, the prototypical network
calculates its loss Lyt using Euclidean distance and a softmax followed by a logarithmic
function, as is shown in Formula (8). Using this mechanism, query samples are clustered
towards their prototypes by minimizing Lyyoto-

exp(—d(Enc(x;), Px,))
Lproto = — lOg C ! i 7 (8)

Cgl exp(—d(Enc(x;), P))

where Py is the prototype of the class to which x; belongs, and d(e) is the squared Euclidean
distance function.

2.5. Other Comparison Methods

The detailed description of each comparison method is as follows.
2D-CNN: It represents a common image identification algorithm based on a two-
dimensional convolutional neural network (2D-CNN), which consists of six convolutional
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layers. Three convolutional blocks are formed by combining every two convolutional
layers, with filters of 32, 64, and 128, respectively [39].

Matching network: The matching network is a classic few-shot learning method,
which constructs a classifier by measuring the similarity between query samples and
support samples using the cosine function in the embedding space [40].

Prototypical network: It is the basic identification framework of US-BS-Net proposed
in this study. The specific algorithm description can be found in Section 2.4.

Relation network: Its basic framework is similar to the prototypical network, but the
Euclidean distance is replaced by a two-layer CNN in the distance measurement part [41].

US-BS-P-Net: The US-BS-P-Net framework is constructed by combining the proposed
US-BS-Net band selection algorithm with the prototypical network.

2.6. Experimental Setting

Overall accuracy (OA, Equation (9)), average accuracy (AA, Equation (11)), and kappa
coefficient (Kappa x 100, Equation (12)) are adopted to conduct spatial consistency valida-
tion of the shrub identification models, and precision (PA, Equation (10)) is used to measure
the performance of shrubs and non-shrubs separately. The main hyperparameters are set
according to the literature [27,35] as shown in Table 5.

n
'21 Xii
OA=E , 9
i )
X..
PA = 2t (10
Xy )
n
Y PA
_ iz
AA == —, (11)
n n
MY Xii— ¥ Xiy x Xy
Kappa = —=! =l , (12)

n

M2 — ¥ Xip x Xy
i=1

where Xj;, X,;, and X;, denote the number of correctly classified samples, reference samples,

and total samples (including correctly classified samples and misclassified samples) for the

i-th category (i € {1...n}, n is the number of categories) in the error matrix, respectively, and

M represents the number of samples in the dataset.

Table 5. Description of the main hyperparameter settings.

Name Notation Description

Each model uses a learning rate of 5 x 10—4,

Learning rate i which is halved after every 2000 training iterations.

The temperature of unsupervised contrastive

Temperature T€(01] learning is configured as 0.1.

An episodic sampling of 2-way-5-shot is adopted,
in which both shrubs and non-shrubs are
randomly sampled in each training step, and the
support set of each class contains five samples.

C-way-K-shot -

In the band selection, the trade-off parameter
Alpha a € (0,1] between L1 regularization loss and others is
set to 0.01.
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All algorithms are programmed in PyCharm 2024.3 using Python 3.11.7 and imple-
mented with the PyTorch 2.5.1 deep learning framework. The experiments involved in this
study are conducted on an operating system with the hardware configuration of Intel(R)
Xeon(R) Silver 4110 CPU @ 2.10 GHz and NVIDIA GeForce RTX 2080Ti GPU.

3. Results
3.1. Performance of Prototypical Network on Samples with Different Patch Sizes

Fully utilizing the spatial information of hyperspectral images, such as texture, shape,
neighborhood environment, and complementing the spectral features, is crucial for identi-
fying naturally growing shrubs in this study. While retaining all 164 spectral bands, the
prototypical network is applied to samples of different patch sizes ranging from 5 x 5
to 31 x 31, representing a spatial range of 0.29-1.55 m in the field, which is sufficient to
identify shrubs at different growth stages in the study area. Then, the optimal patch size is
obtained by calculating and comparing the performance of shrub identification for each
spatial range. As shown in Figure 4, it can be found that the OA of shrub identification
presents an upward trend from 5 x 5to 21 x 21, and then decreases from 21 x 21 to 31 x 31.
The performance of the prototypical network continuously improves until the patch size of
21 x 21, indicating that the joint effect of spatial-spectral features has a positive response to
shrub identification. Simultaneously, the reduction trend in the amplitude of improvement
during the above process reveals the peak value of 21 x 21 for the shrub identification task.
At this point, the rich spatial-spectral features in the hyperspectral image are balanced with
the feature extraction ability of the prototypical network. Subsequently, spatial information
redundancy emerges as the patch size further expands, causing a decrease in identification
performance. Although the shrub identification accuracy of 21 x 21 is only slightly better
than that of 23 x 23, this study still chooses 21 x 21 as the optimal patch size for this study,
considering its highest performance and the need to minimize the redundancy of spatial
information as much as possible. Therefore, this study will train US-BS-P-Net with a fixed
spatial size of 21 X 21 in subsequent experiments.

93

92 4

91 1

OA (%)

90 4

89 4

88 T T T T T T T T T T T T T T
5 7 9 11 13 15 17 19 21 23 25 27 29 31

Patch size

Figure 4. Overall accuracy of the prototypical network on samples with different patch sizes.
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3.2. The Impact of Sensitive Spectral Bands Quantity on the Identification Accuracy

Effective data dimensionality reduction methods are the key to eliminating the spectral
information redundancy of hyperspectral data with hundreds of dimensions. To verify the
effectiveness of the sensitive spectral bands extracted by the proposed US-BS-P-Net for
accurate identification of shrubs, an experimental analysis is conducted. Specifically, the
spectral weights are sorted, and the top k bands of samples are selected for model training
(k = 5-160, with an interval of 10 bands except for 5-10); the results are shown in Figure 5.
It can be seen that using only a small amount of spectral information, for example, 5 bands,
the OA of shrub identification is better than 92%. It demonstrates that high-precision
shrub extraction in SGs can be achieved using only a few informative spectral bands of
hyperspectral images, which is instructive for the application of multispectral sensors in
shrub identification. As the number of sensitive spectral bands increases, the performance
of the model also improves and gradually approaches that of the model trained on all
164 bands (baseline), and even slightly surpass when the quantity of bands reaches 50.
The spectral band selection algorithm proposed in this study enables effective spectrum
information compression, and its combination with clustering methods has a positive
effect on task-specific band optimization. Afterwards, the shrub identification performance
fluctuated around the baseline, and when the number of bands is 80, the OA reaches a
peak value > 93%, exceeding that of 50. On the one hand, the excellent performance of the
prototypical network without data dimensionality reduction highlights the effectiveness of
the proposed algorithm in shrub identification. On the other hand, the practice of training
high-precision shrub identification models based on a few spectral representations obtained
by US-BS-P-Net shows the necessity of data dimensionality reduction.

93.0

28] ———dm eI A A
Baseline X g

OA (%)

92.6

92.4

92.2 T T T T T T T T T T T T T T T T
0 10 20 30 40 50 60 70 8 9 100 110 120 130 140 150 160

Quantity of spetral bands

Figure 5. Overall accuracy of US-BS-P-Net with different quantities of sensitive spectral bands.

The band numbers for different quantities (5-80) of sensitive spectral bands selected by
US-BS-P-Net are listed in Table 6. In addition, the spectral curves of shrub and non-shrub
samples are plotted to visually demonstrate their spectral distinguishability (Figure 6).
Since the non-shrub patches are mainly grasslands, which contain a large amount of
herbaceous vegetation, their average spectral curves are similar to those of shrubs. From
the perspective of spectral reflectance, there is a significant overlap in the reflectance
distribution between shrubs and non-shrubs, but distinguishability is still observed in
wavelength ranges of about 426-906 nm and 946-1002 nm, especially in 506-706 nm. It is
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consistent with the sensitive band extraction results in Table 6, where the top 10 bands are
all in 506-706 nm, and most of the top 80 bands are also within this range.

The selected spectral bands correspond to key physiological and structural features of
vegetation spectral response. The 506-706 nm range encompasses the green reflectance peak
(approximately 550 nm) and the onset of the red-edge region (approximately 680-706 nm).
The former is associated with enhanced green light reflectance driven by chlorophyll
content, while the latter is highly sensitive to chlorophyll density and canopy structure,
serving as a crucial indicator for distinguishing between different vegetation types or
varying growth stages of the same vegetation. The 426-906 nm range also includes the
strong chlorophyll absorption bands in the blue (~480 nm) and red (~660 nm) regions, as
well as the high-reflectance plateau in the near-infrared (750-900 nm), effectively reflecting
vegetation biomass and cover. Furthermore, the 946-1002 nm region lies near a weak water
absorption feature (approximately 970 nm) and responds to leaf water content, thereby
enhancing the ability to differentiate between shrub and herbaceous vegetation.

4000

Shrub Non-shrub

3000 -

2000

Reflectance

1000

0 = r T T T T T T

400 500 600 700 800 900 1000

Wavelength (nm)
Figure 6. Spectral reflectance curves of shrub and non-shrub samples.

Table 6. The band numbers for different quantities of sensitive spectral bands.

Number of Bands Wavelength (nm)
5 590, 530, 694, 510, 670
10 590, 530, 694, 510, 670, 646, 662, 514, 542, 626
20 590, 510, 530, 694, 670, 686, 514, 490, 622, 542, 646, 406, 626, 662,

658, 610, 698, 618, 478, 634
590, 510, 530, 670, 694, 686, 514, 490, 622, 542, 658, 646, 406, 626,

30 662, 610, 598, 618, 698, 422, 478, 394, 634, 398, 414, 562, 674, 482,
546, 470

590, 510, 530, 694, 670, 686, 514, 622, 490, 646, 542, 626, 406, 662,

40 698, 658, 610, 634, 618, 562, 478, 482, 398, 674, 414, 422, 394, 978,

458, 598, 546, 522, 446, 426, 502, 734, 558, 470, 430, 474
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Table 6. Cont.

Number of Bands Wavelength (nm)

590, 510, 530, 670, 694, 686, 514, 490, 622, 542, 646, 406, 626, 658,

662, 610, 698, 618, 598, 478, 422, 634, 398, 394, 414, 482, 562, 674,

546, 502, 470, 522, 458, 446, 978, 638, 706, 426, 682, 518, 614, 474,
558, 430, 594, 734, 450, 710, 606, 578

590, 510, 530, 670, 694, 686, 514, 490, 622, 542, 646, 406, 626, 658,
662, 610, 698, 618, 598, 478, 422, 634, 398, 394, 414, 482, 562, 674,
60 546, 502, 470, 522, 458, 446, 978, 638, 706, 426, 682, 518, 614, 474,
558, 430, 594, 734, 450, 710, 606, 578, 714, 650, 498, 494, 870, 586,
574,538, 582,770

590, 510, 530, 670, 694, 686, 514, 490, 622, 542, 658, 646, 406, 626,
662, 610, 598, 618, 698, 422, 478, 394, 634, 398, 414, 562, 674, 482,
70 546, 470, 502, 522, 446, 458, 638, 706, 978, 682, 614, 426, 518, 474,
594, 430, 558, 606, 710, 578, 450, 650, 714, 734, 494, 498, 586, 574,
870, 582, 538, 642, 678, 554, 770, 462, 506, 410, 722, 526, 570, 702

590, 670, 686, 694, 530, 510, 514, 490, 622, 658, 610, 542, 598, 646,

626, 406, 662, 422, 618, 698, 478, 394, 634, 398, 674, 562, 546, 470,

414, 482, 502, 638, 706, 446, 522, 614, 682, 458, 978, 426, 594, 518,

474,558, 710, 430, 578, 606, 714, 650, 582, 494, 450, 574, 586, 498,

734,538, 642, 870, 678, 554, 462, 722, 506, 526, 666, 654, 410, 770,
966, 570, 702, 718, 442, 566, 366, 350, 438, 602

50

80

3.3. Accuracy and Identification Map Production for the Optimal Model

Table 7 lists the identification results of the optimal model (US-BS-P-Net using only
80 bands) and its baseline (full bands). It demonstrates that the optimal model outperforms
the full-band model in terms of OA, AA, and Kappa x 100, with improvements of 0.35%,
0.38%, and 0.72, respectively, thereby achieving effective dimensionality reduction while
enhancing overall identification performance. Specifically, the identification accuracy for
non-shrub improved by 1.11%, which is the primary driver of the gain in OA. Meanwhile,
the identification accuracy for shrubs declined only slightly by 0.34%, which is an acceptable
decrease in practical applications. More importantly, reducing the number of bands from
full to 80 lowers computational and storage costs and may also alleviate the Hughes
phenomenon in high-dimensional data, thus improving model generalization.

Table 7. Comparison of identification results for the optimal model (band number = 80) and its
corresponding baseline (full bands).

Method Baseline (Full Bands) US-BS-P-Net (Band Number = 80)
OA (%) 92.80 93.15
Kappa x 100 85.59 86.31
AA (%) 92.80 93.18
Shrub (%) 91.89 91.55
Non-shrub (%) 93.70 94.81

The optimal model and its corresponding baseline model are adopted to perform pixel-
wise prediction in the study area to generate shrub identification maps, as shown in Figure 7.
Although the overall classification results are encouraging, confusion between shrub and
herbaceous vegetation patches persists, resulting in indistinct boundaries for shrubs (e.g.,
the area within the black box in the top-right corner of Figure 7c,d). In comparison,
the optimal model slightly alleviates this confusion due to its superior performance and
effectively maps the distribution of shrubs generally in the study area. In addition, there are
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some discrete points and isolated pixels in the identification map, which is primarily due
to the fine-grained identification nature of the algorithms employed in this study, although

model prediction errors may also contribute to this issue.

(a) Ground truth (b) DOM data

| | | '
| ! | :
| |
s ey | Rt ar i S B
(c) Baseline (d) US-BS-P-Net (band number =80)
Bl vnciassified Shrub Non-shrub

Figure 7. Identification maps generated by the optimal model (band number = 80) and its correspond-
ing baseline (full bands). (a) Ground truth; (b) DOM image; (c) identification map generated by the
optimal model; and (d) identification map generated by the baseline.

4. Discussion
4.1. Hyperparameter Sensitivity Analysis

To evaluate the hyperparameter sensitivity of the proposed US-BS-P-Net framework,
a comprehensive parameter tuning experiment is conducted on the key parameters, i.e.,
temperature and alpha; the trends in OA are illustrated in Figure 8. Among them, tempera-
ture is a core hyperparameter in unsupervised contrastive learning, reflecting the difficulty
of model optimization in the training task. In Figure 8a, the optimal model was obtained
at a lower temperature (0.1), indicating that it tends to enhance sample discriminability
to extract discriminative feature representations during the unsupervised band selection.
Subsequently, the temperature is fixed at 0.1, and alpha is adjusted, which is the trade-off
parameter between the L1 regularization loss and the others. In Figure 8a, the optimal
alpha value is found to be 0.01, indicating that only a mild degree of band-wise sparsity
regularization strength is required to obtain the optimal model. Overall, the fluctuation in
OA of temperature parameter adjustments is greater than that of alpha, which means the
US-BS-P-Net framework proposed in this study is more sensitive to temperature.
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Figure 8. Trends in OA via the US-BS-P-Net model with different temperature (a) and alpha (b) on
shrub identification.

4.2. Ablation Analysis

A comprehensive ablation study is conducted by detaching components such as L1
regularization, contrastive learning, and prototypical network separately to evaluate the
contribution of each factor in the proposed US-BS-P-Net framework. It is worth noting
that when all the aforementioned components are removed, a 2D-CNN is employed,
serving as the baseline model for this section. In addition, the spectral attention module
is excluded from the ablation analysis since it is an essential component of unsupervised
band selection. Table 8§ presents all ablation performance results, with the best accuracies
highlighted in bold. It is evident that the addition of each component improves the
model’s identification performance. In US-BS-Net, the introduction of L1 regularization
and contrastive learning achieved OA improvements of 3.28% and 2.45%, respectively.
Furthermore, their combination achieves a higher accuracy gain (an OA increase of 4.21%)
than either module alone. In contrast, the prototypical network makes the most significant
contribution (an OA increase of 6.16%) to the proposed framework, specifically through
its superior metric-based few-shot identification algorithm. By combining it with L1
regularization and contrastive learning to construct the US-BS-P-Net framework, achieving
an optimal identification model with an OA improvement of 6.51% over the baseline.

Table 8. Ablation analysis of each component in the proposed US-BS-P-Net framework.

L1 Regular- Contrastive Prototypical OA (%) Kappa x 100 AA (%)

ization Learning Network
X X X 86.64 73.33 86.99
v X X 89.92 79.85 89.92
X v X 89.09 78.21 89.39
v v X 90.85 81.68 91.03
X X v 92.80 85.59 92.80
v v v 93.15 86.31 93.18

4.3. Comparison of Various Dimensionality Reduction Methods

In this section, our proposed US-BS-Net is compared with principal component analy-
sis (PCA) and BS-Net-Conv. Among them, PCA is a classic feature transformation-based
dimensionality reduction method, whose core idea is to map high-dimensional data to
a low-dimensional space while retaining the original information as much as possible.
In contrast, BS-Net-Conv, a representative dimensionality reduction method based on
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band selection, works by utilizing several informative spectral bands to reconstruct the
complete spectral information. Obviously, the latter is more interpretable in extracting
sensitive bands. The US-BS-Net proposed in this study is an improved version based on
BS-Net-Conv, which mainly takes into account the lack of learning discriminative spectral
features in the proxy task of BS-Net-Conw.

In Section 3.2, high-precision shrub identification in the study area can be achieved
regardless of whether a small number of bands or sufficient spectral information is used.
Therefore, this part only compares the performance of extracting five bands (a small num-
ber of bands) and 80 bands (sufficient spectral information) using various dimensionality
reduction methods. The experimental results are shown in Table 9. When the spectral
dimension is reduced to 5, it can be clearly seen that the deep learning-based band selection
methods, i.e., US-BS-Net and BS-Net-Conv, perform better than PCA. This proves that
the spectral bands extracted by the band selection method not only retain their physical
meaning but also maintain strong sensitivity to specific tasks. PCA-based dimensionality
reduction method shows that the OA of shrub identification decreased by more than 5%
when the number of bands increased to 80. The reason for the decline in PCA perfor-
mance can be attributed to the fact that the noise brought by the less informative bands
seriously reduces the feature extraction efficiency of the identification model. Although
the performance difference between US-BS-Net and BS-Net-Conv is negligible when there
are a small number of bands, the former outperforms the latter when there are 80 bands,
achieving the highest accuracy (OA of 93.15%, Kappa x 100 of 86.31, and AA of 93.18%). It
demonstrates that discriminative feature extraction via contrastive learning is beneficial
to the construction of high-precision shrub identification models. In addition, the number
of trainable parameters and the training time per epoch for both algorithms are counted,
finding that US-BS-Net only required an additional 8320 parameters and an extra 8 s/epoch
compared to BS-Net-Conv, which indicates that the loss in computational efficiency is
within an acceptable range.

Table 9. Identification results of various dimensionality reduction methods.

Method PCA BS-Net-Conv US-BS-Net
Number of Bands 5 80 5 80 5 80
OA (%) 90.78 85.51 92.34 92.56 92.30 93.15
Kappa x 100 81.57 70.95 84.69 85.13 84.59 86.31
AA (%) 90.78 85.86 92.36 92.58 92.29 93.18
Shrub (%) 89.94 89.00 90.93 91.02 91.48 91.55
Non-shrub (%) 91.62 82.73 93.79 94.15 93.10 94.81
Trainable parameters - 520,016 528,336
Training times (s/epoch) - 22 31

To intuitively demonstrate the difference between BS-Net-Conv and the proposed
US-BS-Net in spectral band learning, the average spectral weight curve of the training
samples is plotted, as shown in Figure 9. Obviously, there are significant differences in
the weight distribution of spectral bands between US-BS-Net and BS-Net-Conv. From a
spectral wavelength perspective, the top-ranked sensitive bands obtained by BS-Net-Conv
are widely distributed in the near-ultraviolet, visible light, and near-infrared ranges. In
contrast, wavelengths with weight > 0.5 based on US-BS-Net are mainly distributed in the
visible light range, and only several bands are in the near-ultraviolet and near-infrared
spectrum. This phenomenon indicates that the feature differences between the samples in
this study are mainly reflected in the visible light spectrum range. Since the objective of this
study is to identify shrubs in SGs, the classification system does not distinguish between
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vegetation and non-vegetation in non-shrub types, which may cause the US-BS-Net model
to be less sensitive to the near-infrared bands that characterize vegetation growth conditions
such as cover and biomass.

—o— US-BS-Net —@— BS-Net-Conv
0.504

0.502 o] \‘\
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0498 1 |

ﬂ
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Wavelength (nm)
Figure 9. Average spectral weight curves of the training samples using US-BS-Net and BS-Net-Conv.

4.4. Comparison of Different Identification Models

As for identification models, this study also compares the proposed US-BS-P-Net
framework with 2D-CNN, matching network, relation network, and prototypical network.
It is worth noting that the number of optimal sensitive spectral bands extracted by US-
BS-Net is 80, as illustrated in Section 3.2. As shown in Table 10, the traditional 2D-CNN
algorithm has the lowest shrub identification accuracy in the study area, with an OA
of only 86.64%. In contrast, the identification performance of the metric-based few-shot
learning methods, i.e., matching network, relation network, and prototypical network, is
significantly superior to that of the 2D-CNN. This proves the effectiveness of few-shot
learning algorithms in identifying shrubs in SGs under small-sample scenarios. Among
them, the OA of the prototypical network is slightly better than that of the matching
network and the relational network. By comparing with others, the shrub identification
performance of the proposed US-BS-P-Net is highlighted. The US-BS-P-Net constructed
using the optimal sensitive bands (80 bands) as input achieved the highest OA of 93.15%
(please refer to Table 7). This indicates that the combination of spectral band optimization
and few-shot learning enables a positive effect on shrub identification in this study.

Table 10. Identification results of different deep learning models.

Matching Relation Prototypical
Method 2D-CNN Network Network Network US-BS-P-Net
OA (%) 86.64 92.64 92.32 92.80 93.15
Kappa x 100 73.33 85.28 84.63 85.59 86.31
AA (%) 86.99 92.65 92.32 92.80 93.18
Shrub (%) 82.92 91.36 92.43 91.89 91.55
Non-shrub (%) 91.05 93.94 92.21 93.70 94.81

The models constructed by the above methods are adopted to perform pixel-wise
prediction in the study area to generate shrub identification maps, as shown in Figure 10.
In addition, to verify the robustness of the proposed algorithm in identifying shrubs in
other areas, this study compares and analyzes these results with the test set (ground
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truth) in several typical regions (Figure 11) by local zooming in. Referring to the high-
resolution DOM data (the first row) and ground truth (the second row) of the dataset, it
can be observed that the shrub identification map generated by the 2D-CNN obviously
misidentifies non-shrubs as shrubs, resulting in an overestimation of the shrub cover in the
study area. In contrast, the shrub identification models constructed by metric-based few-
shot learning significantly improve the above phenomenon, but their results present some
fragmented patches since the identification error still exists in the small-sample scenarios.
In general, with the improvement in identification accuracy, the map of US-BS-P-Net is
closer to the ground truth than that of others. However, limited by the number of training
samples (898 in total, accounting for 0.01% of the total samples in the dataset), there is
further room for improvement in the accuracy of shrub recognition and the elimination of
fragmented patches and noise with a point or island shape.

(a) Ground truth (b) 2D-CNN

(¢) Matching network (d) Relation network

(e) Prototypical network () US-BS-P-Net

- Unclassified - Shrub - Non-shrub

Figure 10. Identification maps generated by different models on the shrub identification dataset.
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Figure 11. Identification maps using different models in several typical regions and their reference
ground truth. (a-d) represent different sub-regions.

US-BS-P-Net

4.5. Limitations

The dataset and the US-BS-P-Net framework proposed in this study represent a prelim-
inary exploration of deep learning algorithms for shrub identification in SGs. By combining
unsupervised band selection with few-shot learning, the framework achieves high-precision
shrub identification using hyperspectral imagery with limited training samples, thereby
validating the effectiveness of this approach. However, we also clearly recognize that
the current framework faces several key limitations. First, a single hyperspectral image
can only obtain the texture and spectrum of the shrub canopy surface, but lacks vertical
structural information, which limits shrub identification at the individual scale. Therefore,
we plan to fuse hyperspectral and LiDAR data to construct high-precision individual shrub
identification models by combining the biochemical information of hyperspectral data
and the physical properties of LIDAR. Furthermore, this study only focuses on a single
shrub-encroached grassland region. We expect that the novel algorithm proposed in this
work can be verified on hyperspectral datasets from other study areas, and potentially even
in fields such as crops, tree species, buildings, and medicine. Subsequently, vegetation
spectra exhibit strong temporal dynamics, i.e., seasonal changes drive periodic fluctuations
in leaf chlorophyll, water, and canopy structure, resulting in distinct spectral differences
for the same species across different growing seasons. However, the shrub identification in
this study relied on data from a single time point; the performance of the model may de-
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cline when extrapolated across seasons. Incorporating multi-temporal shrub identification
samples or time-series modules may be an effective technical means to address this issue.
Finally, the goal of fine-grained identification of shrubs is to provide reliable samples for
the classification of shrub-encroached grasslands. Therefore, future research should focus
on how to scale up to satellite observations.

5. Conclusions

In this study, a US-BS-P-Net framework consisting of a band selection algorithm called
US-BS-Net and a metric-based prototypical network is proposed for shrub identification in
SGs. It extracts spectral signals sensitive to shrub identification from UAV hyperspectral
images in an unsupervised band selection manner and inputs them into the prototypical
network to build a high-precision shrub identification model in small-sample scenarios.

First, a benchmark for identifying Caragana microphylla Lam shrubs in SGs was con-
structed using UAV hyperspectral images by means of visual interpretation. When the
training set accounts for 0.01% of all samples, the experimental results show that the
optimal spatial patch size of the sample is 21 x 21, and the OA exceeds 92%. It illus-
trates the potential of the prototypical network for high-precision shrub identification in
small-sample scenarios.

Certainly, our innovation mainly focuses on introducing contrastive learning into the
original BS-Conv-Net to construct a novel US-BS-Net for optimizing the selection of spectral
bands sensitive to shrub identification. Using only five bands obtained by the proposed
US-BS-Net can achieve over 92% OA for shrub identification. When the number of bands is
80, the identification performance reaches the highest OA of 93.15%, which is better than
92.56% of BS-Net-Conv and far exceeds 85.51% of PCA. It is sufficient to demonstrate the
contribution of discriminative feature representation learning in the proposed US-BS-Net
to the extraction of sensitive bands for shrub identification.

Finally, our US-BS-P-Net was compared with several deep learning algorithms, and
its outstanding performance verified the superiority of US-BS-P-Net in shrub identification
with extremely few training samples. Meanwhile, the optimal model via US-BS-P-Net was
used to generate shrub distribution maps, providing excellent basic data for SG monitoring.

Overall, our proposed dataset and US-BS-P-Net framework are preliminary studies
on the application of deep learning algorithms in the field of shrub identification in SGs.
The combination of an unsupervised band selection algorithm with few-shot learning is an
effective way to achieve high-precision shrub identification using hyperspectral images,
especially in small-sample scenarios.
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Abbreviations

The following abbreviations are used in this manuscript:

5Gs Shrub-encroached grasslands

UAV Unmanned aerial vehicle

LiDAR Light detection and ranging

GNSS Global navigation satellite system

RTK Real-time kinematic

DOM Digital orthophoto map

SimCLR Simple contrastive learning of representations
OA Overall accuracy

AA Average accuracy

Kappa Kappa coefficient

US-BS-Net  Unsupervised band selection network

PCA Principal component analysis

2D-CNN Two-dimensional convolutional neural network
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