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Abstract—To effectively mitigate disaster damage, it is crucial
to obtain landslide information quickly and accurately with the
abundant remote sensing images. Although related landslide de-
tection research has been carried out a lot in recent years, all of
the research articles are still based on single-label image classifica-
tion. Meanwhile, the existing methods face challenges in balancing
global and local information effectively, interpreting and modeling
intricate interlabel dependencies. To solve the problems above,
we perform multilabel annotation on the Bijie landslide dataset
and propose a novel multilabel classification network for landslide
detection. The proposed network consists of a feature represen-
tation module and a category relation parsing module. The first
module is designed to extract feature maps that represent high-level
semantic information and convert them into feature sequences. This
can fully utilize the capability of the bidirectional long short-term
memory network to model label dependencies. The second module
is used to model interlabel dependencies to enhance the ability
of the model for efficiently detecting landslides. Compared with
other recent landslide detecting methods, the results show that the
proposed scheme is more effective. F1 score on landslide detection
reaches up to 97.56% and the attention area of categories is more
precise in the proposed method. Therefore, the proposed model
can provide reliable and effective decision support for disaster
emergency response.

Index Terms—Bidirectional long short-term memory (BiLSTM),
landslide detection, multilabel classification (MLC), remote sensing
images, Swin transformer.

I. INTRODUCTION

W ITH climate change and the intensification of human
activities, geological disasters, such as landslides, pose
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Fig. 1. Global landslide distribution from 2007 to 2022.

a serious threat to the safety of human life and property [1].
As illustrated in the NASA statics, from 2007 to 2022, 39 594
landslide events occurred worldwide, about 2639 cases annually,
and the incidence is rising year by year. The global distribution of
landslides is shown in Fig. 1. In Fig. 1, red, orange, and green rep-
resent the large, medium, and small landslides, respectively. The
image clearly reveals the serious impact of landslides on human
survival and development. Therefore, it is crucial to understand
the causes of landslides and detect them quickly and accurately,
which can help mitigate their impact on human society and the
natural environment. This will not only provide timely warning
and response to emergencies but also effectively guide urban
planning and natural resource management to ensure the safety
and sustainable development of human life. Landslides often
occur in remote mountainous areas, making field surveys very
difficult and dangerous [2]. In this regard, achieving rapid and
accurate extraction of landslides has always been a challenging
problem.

In recent years, with the rapid development of remote sensing
technology, various remote sensing data have played an impor-
tant role in landslide detection [3], [4], [5], [6], [7]. Landslide
detection involves extensive data processing. The amount of data
generated by remote sensing technology is huge and requires
efficient algorithms and computing resources for processing
and analysis. Data fusion and analysis require complex data
processing processes to ensure the accurate identification of
landslide areas. For example, fusion among optical, elevation,
and vegetation data. Therefore, the capabilities of heuristics and
statistical methods are not sufficient to cope with the increasingly
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complex landslide detection tasks [8]. Deep learning is increas-
ingly used in landslide detection. However, it requires a large
amount of labeled data for training and has high requirements
for data quality. Therefore, more effective deep-learning-based
landslide detection methods are necessary to be further studied.

Some previous studies have utilized deep-learning-based
methods to detect landslides [9], [10], [11], [12], [13]. Deep
learning combined with change detection has shown potential
in the field of landslide detection. For example, Lv et al. [14]
effectively improved the performance of deep-learning neural
networks in surface change detection through iterative training
sample enhancement technology. Furthermore, they utilized a
multiscale attention network [15] and adaptive region key point
extraction technology [16] to improve the performance of land-
slide change detection. Some methods utilize deep-learning-
based object detection methods to detect landslides. For in-
stance, Han et al. [17] utilized a Yolov3-based detection model
to enhance the accuracy of detecting small-scale landslides
and complex backgrounds’ landslides. Meanwhile, Yang et al.
[18] employed a mask R-convolutional neural network (CNN)
semantic segmentation model for automated landslide identifi-
cation to enhance the efficiency of landslide detection. However,
studies have indicated that the credibility of the results is highly
dependent on the quality of the dataset and the correlation factors
[19]. Furthermore, labeling datasets for target detection and
semantic segmentation requires significant expertise and human
resources [20], [21]. Generally, landslide detection using target
detection methods mainly learns the specific characteristics of
landslides. However, landslides have diverse spatial and spectral
characteristics compared with other land-type features. Previous
research work was unable to capture the spatial and spectral
characteristics of landslides and failed to explore the potential
information from optical remote sensing images in landslide
detection.

Landslide detection through scene classification can provide
a more comprehensive and in-depth understanding of land-
slides and use the potential relationship between landslides
and ground objects to improve landslide detection performance.
Scene classification includes single-label and multilabel classi-
fication (MLC). Previous methods only consider landslides as
single-label classification. For instance, Ji et al. [22] applied
image classification to detect landslides and obtained the visu-
alized landslide locations by class activation mapping (CAM).
Haciefendioglu et al. [23] confirmed the effectiveness of image
classification for locating landslides and compared the effec-
tiveness of various visualization methods, such as Grad-CAM
[24] and Score-CAM [25]. Li et al. [26] utilized shipboard
landslide image data for landslide detection through image
classification. They compared various classic neural networks,
including VGG, DenseNet, EfficientNet, SEResNet, and vision
transformer (ViT) [27], [28], [29], [30], [31], where ViT shows
the best performance. These methods demonstrate that land-
slides can be effectively detected through scene classification.
The single-label classification method simply classifies images
as “landslides” or “nonlandslides.” Although it can describe the
image content from a macroperspective, it ignores the potentially
rich landslide area topographic information in the image. The

Fig. 2. Classes present in the example remote sensing image. (a) Tree.
(b) Pavement and tree. (c) Building, field, pavement, and tree.

categories existing in three example remote sensing images are
illustrated in Fig. 2. As shown in Fig. 2, assigning the three sam-
ples to the tree category alone is appropriate for (a). However, for
(b) and (c), such a classification cannot completely describe the
image content. Landslide area topographic information is very
important for landslide detection. This relationship contains the
universal law of landslide formation. For example, vegetation
can strengthen the soil through its root system and reduce
erosion, thus reducing the risk of landslides. Human activities,
such as agriculture, mining, road construction, and urban devel-
opment, change natural landscapes and may increase the risk
of landslides. The presence of water can cause soil saturation,
increasing the likelihood of landslides. Therefore, considering
landslide area topographic information can help improve the
accuracy of landslide detection. In addition, combining multi-
source data will face problems of heterogeneous data matching
and model complexity. Although this approach provides us with
a more comprehensive perspective, it also brings new challenges
in data processing and analysis.

To address the above problems, MLC is a better strategy.
MLC assigns multiple target labels to an image, resulting in
a more complete description of the image content. At the same
time, the relationship between ground object categories is also
considered, and feature information of ground object types is
introduced into landslide detection. Making full use of landslide
area topographic information can further explore the potential
information of optical remote sensing images in landslide detec-
tion. MLC methods based on neural networks are mainly divided
into five types: based on CNN, based on recurrent neural net-
works (RNNs) and long short-term memory (LSTM) networks,
based on graph neural networks (GNNs), based on transformer
networks, and based on hybrid neural network models. Methods
based on CNN use hierarchical structures to extract image fea-
tures, which have powerful visual feature extraction capabilities,
but may ignore global contextual information. Methods based
on RNN are good at capturing dependencies between sequences.
However, when processing long sequences, RNN may suffer
from vanishing or exploding gradients. Methods based on GNN
can simulate the complex relationships between entities in
graph-structured data, but its ability to extract visual features
is relatively limited. Methods based on transformer network
utilize self-attention (SA) mechanism to deal with long-distance
dependencies and can effectively capture global context infor-
mation. Kaselimi et al. [32] considered monitoring deforestation
as an MLC task and proposed the ForestViT MLC model based
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on ViT, which performed better than the CNN methods [33].
However, a single model cannot comprehensively capture and
handle the various complex features and dependencies that arise
in MLC tasks, which limits their adaptability when dealing with
complex data scenarios.

Many hybrid model-based methods are proposed to further
enhance the accuracy and robustness of complex multilabel
tasks. Wang et al. [34] proposed an MLC network based on
CNN-RNN, which combines the feature extraction capabilities
of CNN and the sequence processing capabilities of RNN to
improve MLC performance. Hua et al. [35] proposed the CA-
Resnet50 bidirectional LSTM (BiLSTM) model, which revisited
the CNN and BiLSTM, and introduced a class attention layer to
alleviate the dimensional pressure of BiLSTM. Chen et al. [36]
proposed the ML graph convolutional network (GCN), which
utilizes GCNs to map label representations into interdependent
target classifier. Wang et al. [37] combine Swin transformer [38]
and GNN to extract image features and learn label dependencies
for multilabel image recognition. All these methods attempt to
capture the features of classes in remote sensing images and
learn interclass relationships by combining different types of
neural networks. Among these methods, the combination of
CNN and RNN provides advantages for processing complex
data, but it also brings high computational complexity. In addi-
tion, due to the essential differences between feature maps and
sequences, RNN and its extension BiLSTM have limitations in
modeling the relationship between feature maps extracted by
CNN without processing. The method of combining CNN or
transformer with GNN maps labels relationships to the backbone
network. The effect of such methods relies on the construction
of knowledge graphs [39], which requires higher standards for
the dataset. Therefore, the strategy of network combination
is crucial to the performance of the entire model. Efficiently
integrating networks to exploit their respective strengths and
address their limitations is still a problem that requires in-depth
research.

To tackle these problems, in this study, we consider landslide
detection as an MLC task, complement the multilabel anno-
tations of the Bijie landslide dataset, and propose a new MLC
network for landslide detection. The proposed model effectively
balances complexity and performance and solves the imbalance
problem of global and local feature extraction, which does
not require additional data, such as knowledge graphs. More-
over, we improve the efficiency of connection between models
through the conversion of feature maps to feature sequences.
The main outstanding contributions of this article are given as
follows.

1) In this article, landslide detection is considered for the
first time as an MLC task. An MLC method is used to
detect landslides, which fully considers landslide area
topographic information. Achieve more accurate landslide
detection by further exploring the potential information
of optical remote sensing images. At the same time, it
overcomes the heterogeneous matching of multisource
data and the complexity of the model.

2) Currently, there is no large high-quality multilabel land-
slide dataset. In this study, we performed multilabel

annotation on the Bijie landslide dataset, which is avail-
able online.1

3) An MLC network for landslide detection is proposed,
which includes a feature representation (FR) module and a
category relation parsing (CRP) module. The backbone of
the FR and CRP modules is similar to the Swin transformer
and BiLSTM, respectively. The FR module effectively ex-
tracts class feature maps of optical remote sensing images,
which takes into account both global and local informa-
tion. The feature map is converted into a feature sequence,
which retains the FR ability and is also consistent with the
data format processed by CRP. The CRP module captures
potential deep information in optical remote sensing im-
ages and learns landslide area topographic information.
Introducing interclass topographic feature relation into
landslide detection can enhance detection performance.
The proposed network is an end-to-end network, and the
two modules cooperate and complement each other.

The rest of this article is organized as follows. The structure of
the two basic components of the proposed network is described
in Section II. Comprehensive details concerning the dataset are
encapsulated in Section III. Our experimental settings and the
results from both quantitative and qualitative perspectives are
presented in Section IV. Section V provides the discussion.
Finally, Section VI concludes this article.

II. MODEL

A. Network Architecture

In this study, a method combining Swin transformer and BiL-
STM is proposed, called Swin-BiLSTM-FS (Swin transformer
and BiLSTM-based feature sequence). The network architecture
of Swin-BiLSTM-FS is shown in Fig. 3. This network is primar-
ily composed of an FR module and a CRP module. As shown in
Fig. 3, the blue grid represents the FR module, while the orange
grid represents the CRP module. Let F denotes the feature map,
S denotes the feature sequence, and wi denotes the feature word.
Swin transformer is utilized by the FR module to extract the
feature map F, which represents high-level semantic informa-
tion. Following that, it is converted into the feature sequence
S. The feature sequence S is initially mapped to the relevant
dimension by the CRP module, which ensures that the length
of the processed feature vector remains uniform postmapping.
Subsequently, BiLSTM is employed by the module to infer the
dependencies in the feature sequence.

Swin transformer and BiLSTM are integrated in this study.
On the one hand, Swin transformer incorporates a multistage
window and sliding window attention mechanism based on the
ViT, which enables it to effectively capture both global and local
information. This allows Swin transformer to exhibit exceptional
performance in capturing image features and managing spatial
structure. On the other hand, BiLSTM is a particular type of
RNN that can effectively handle long-range dependencies within
sequential data. It is worth noting that the relationships between

1[Online]. Available: https://github.com/caicaiw/Multi-label-Bijie-
landslidedataset.git

https://github.com/caicaiw/Multi-label-Bijie-landslidedataset.git
https://github.com/caicaiw/Multi-label-Bijie-landslidedataset.git
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Fig. 3. Architecture of Swin-BiLSTM-FS.

Fig. 4. Label co-occurrence matrix of the Bijie multilabel landslide dataset.

categories are asymmetric in nature. The label co-occurrence
matrix of the Bijie multilabel landslide dataset is illustrated
in Fig. 4. In this matrix, each row and column represents a
specific label, and the elements in the matrix represent the
co-occurrence probability of the corresponding two labels. The
darker the color of the element, the higher the probability of
the two labels co-occurring, and the higher the correlation. On
the contrary, the lighter the color, the lower the probability of
co-occurrence between the two, and the lower the correlation.
As shown in Fig. 4, the probability of a court appearing when

a building is present is 0.02. Conversely, the probability of a
building appearing when a court is present is 0.9, indicating that
the category relationship is asymmetric. Therefore, inferring the
label relationship in both directions helps to improve the model
performance.

In conducting a more in-depth exploration of the correlation
strategy between the two modules, it is necessary to compress
the dimensions of feature map and convert it into a sequence
of features appropriate for BiLSTM processing. In order to
achieve this goal, global averaging pooling (GAP) is used to
compress the dimensions of the feature map. This reduces its
size while retaining some FR ability and spatial data. Although
conventional methods typically compress feature maps along the
channel direction, such compression might diminish the ability
of FR. In addition, directly inputting data with spatial structure
into the BiLSTM may result in a loss of spatial information.
Consequently, in this study, the method of compressing the
feature maps along the dimensional direction is adopted. This
method is designed to fulfill the input requirements of BiLSTM
while preserving spatial information.

Detailed descriptions of the FR and CRP modules are avail-
able in Section II-B and II-C, respectively.

B. FR Module

Extracting high-level semantic features is crucial for image
classification tasks [40]. CNNs process a fixed perceptual field
and, thus, excel at learning local features [41]. To achieve
long-range dependencies, the depth of the network needs to be
increased. However, this may cause problems, such as gradient
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Fig. 5. Detailed structural diagram of the multihead SA mechanism.

disappearance or explosion, at the same time, as increasing the
complexity of the model. The ViT is able to learn global infor-
mation in the spatial domain, which helps to capture contextual
relationships in high-resolution remote sensing images [31].
Nevertheless, the texture, shape, and edge features contained in
local information are essential for identifying and distinguish-
ing different categories. Therefore, they should be given equal
importance. Swin transformer is one of the most popular models
of ViT currently. It has been proven to be able to strike a better
balance between global and local feature information, making it
suitable for processing high-resolution images [38]. In this study,
the Swin transformer is adopted as the backbone for feature
learning. The architecture of the FR module is illustrated within
the blue grid in Fig. 3.

Denote the input remote sensing image by I with size Iwidth =
224 and Iheight = 224. The Swin transformer is utilized to split
the image into nonoverlapping patches of size 4 × 4 with the
number n, as shown in (1). For an image of 224 × 224 and patch
size of 4 × 4, 56 × 56 patches can be obtained

n =
Iwidth

4
× Iheight

4
. (1)

Each 4 × 4 patch is flattened into a 16-D vector and then
through a fully connected layer to map it to the embedding
dimension D (D = 96). This adaptation of the image is nec-
essary for the transformer architecture. For a given patch pi

∀i ∈ (1, n) following this mapping, we obtain a matrix of
size (56 × 56 × 96), where each row represents the embedded
representation ei of a patch

ei = Wl × pi + bl (2)

where Wl and bl represent the weight matrix and bias vector of
the fully connected layer, respectively.

The embedded representation ei is input into multiple stages
of Swin transformer model. In each stage, multiple Swin trans-
former blocks are included, which are composed of a window
multihead SA or sliding window multihead SA sublayer and a
multilayer perceptron (MLP) sublayer. The input image is parti-
tioned into numerous local windows, with each window contain-
ing pixels that are independently performed for the multiheaded
self-attention (MSA) computation. Afterward, the window is
slid over the image and the process above is repeated. Such an
approach effectively balances local and global feature informa-
tion and reduces computational complexity. The MSA mech-
anism, comprised of multiple independent SA mechanisms, is
illustrated in Fig. 5. Head is set to 2 in order to display the MSA
more concisely. In the proposed model, the number of heads in
each MSA is 4. This setting is to fully utilize the capabilities
of the multihead SA mechanism while maintaining a balance
between model computational complexity and performance, in
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Fig. 6. Detailed block diagram of GAP.

Fig. 7. Detailed structure of LSTM.

which the SA mechanism can be expressed as follows:

Attention(Q,K, V ) = Softmax

(
Q×KT

√
dk

)
× V (3)

where Q, K, and V denote the query matrix, key matrix, and
value matrix, respectively, and dk is the dimension of Q and K.

After MSA and MLP, the dimensions of the feature map
remain unchanged. Therefore, between multiple stages, a patch
merging layer is employed to reduce the spatial resolution of the
feature map while increasing the depth of the network. In this
way, the model can learn more abstract and high-level semantic
features while reducing computational cost. The framework
of FR is similar to Swin-Tiny. The difference is that the last
hidden layer and classification head are removed in order to
reduce the computational complexity and minimize overfitting,
resulting in an output size of H = 7, W = 8, and C = 768, i.e.,
7 × 7 × 768. In the fourth stage of Swin transformer, a GAP
layer is added to compress the feature map along the size direc-
tion and convert the feature map into a feature sequence. This
reduces the dimensionality of the feature map while retaining a
certain degree of spatial information and FR capabilities. The
GAP process is shown in Fig. 6, where the feature map of size
H ×W × C is transformed into 1 × 1 × C after GAP to obtain
a 1 × C feature sequence. Adjusting the dimensional order of
the feature tensor does not change the essential information of

the data [42]. Thus, after altering the dimensional order of the
tensor, we calculate the average along the size dimension of the
feature map

GAP(Fc) =
1

H ×W

H∑
i=1

W∑
j=1

Fc(i, j) (4)

where H and W denote the height and width of the feature map,
respectively, Fc denotes the feature map of the cth channel,
and GAP denotes the global average pooling. At this time, the
dimensions of the feature map are reduced to 1 × 1, resulting in
a 1 × 768 feature sequence S.

After the conversion of the feature map into a feature se-
quence, the relationship among features becomes more intuitive,
improving the interpretability of model. In addition, such an
approach can take full advantage of the ability of BiLSTM to
capture contextual relationships and improve the performance
of the model in MLC tasks. Therefore, the feature sequence
extraction module is referred to as the FR.

C. CRP Module

For complex MLC tasks, the modeling of interlabel depen-
dencies plays a crucial role. Introducing GNN in CNN and
representing interlabel relationships by using pretrained label
vectors helps to improve the performance of the model on MLC
tasks [36]. However, the problem of frequency bias may occur
when constructing global graphs [43]. Moreover, the multi-
ple message passing and node updates of GNN may increase
the computational cost. To address this issue, Hua et al. [35]
proposed a method that employs BiLSTM to model interlabel
dependencies and utilizes convolutional layers to aggregate and
reduce the dimensionality of channel features. This approach
can reduce the computational burden of the BiLSTM while
maintaining higher performance.

Therefore, this study utilizes BiLSTM to model interlabel
relationships, which is different from [35]. First, we aggregate
features over feature map dimensions by GAP instead of us-
ing convolutional layers over channels to aggregate features.
Consequently, spatial information and feature representability
are preserved to a certain degree. Second, feature sequences
are mapped into feature vectors prior to being input into the
BiLSTM. This process facilitates a more efficient inference of
the relationships among them.

In the method described above, the high-resolution remote
sensing image is converted into a feature sequence S, following
the operation of the FR. Subsequently, based on the number
of categories, the feature sequence is mapped into a suitable
dimension, which is necessary to maintain a consistent length
for each word vector. Moreover, the sequence length must be
an integer multiple of the number category. Therefore, when
the category number is 11, the feature sequence is mapped to
770 (i.e., 1 × 770). Before inputting the feature sequence into
BiLSTM, it is mapped into a feature vector. Specifically, the
1 × 770 feature sequence is divided into 11 feature vectors, each
of dimension 70, culminating in a 11 × 70 feature matrix w.
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Fig. 8. Detailed structure of BiLSTM.

BiLSTM is composed of two reverse LSTM units, forward
and backward. The essence of LSTM resides in its ability to cap-
ture and retain long-term dependencies among words through
its gated architecture. A comprehensive structure of LSTM is
shown in Fig. 7. In Fig. 7, the input vector at the ith time step
is represented by wi. During the ith time step, the relationship
between the ith word and the previously processed words is
established.

First, a new candidate information w̃i is derived based on wi

and the hidden state hi−1 of the previous time step

w̃i = tanh(Ww × [h(i−1), wi] + bw) (5)

where Ww and bw denote the weight matrix and bias vector used
to calculate the new candidate information, respectively, as well
as tanh(·) represents the cosine tangent function.

After obtaining the candidate information w̃i, decisions are
made by the LSTM regarding the amount of new information to
be introduced to the cell state ci, influenced by the value of the
input gate ϕi. It is calculated by the sigmoid activation function,
as shown in (6), with a range of 0 and 1. If the value of input
gate is close to 1, a majority of new candidates will be integrated
into the cell state. Conversely, if the value is close to 0, most of
the new candidate information will be disregarded

ϕi = sigmoid(Wi × [h(i−1), wi] + bi) (6)

where Wi and bi represent the weight matrix and bias vector
used for the computation of the input gate, respectively.

The cell state ci can be expressed as

ci = fi � c(i−1) + ϕi � w̃i (7)

where ci−1 denotes the cell state from the previous time step, �
represents the dot product, and fi is the value of the forget gate,
expressed as follows:

fi = sigmoid(Wf × [h(i−1), wi] + bf ) (8)

where Wf and bf denote the weight matrix and bias vector
employed in the computation of the forget gate, respectively.
The value of the forget gate determines how much information

is retained from the previous cell state, while the input gate,
along with the new candidate information, governs the updating
of the cell state to capture new information.

The output gate oi can be expressed as follows:

oi = sigmoid(Wo × [h(i−1), wi] + bo) (9)

where Wo and bo represent the weight matrix and bias vector
used for the computation of the output gate, respectively. The
oi determines the extent of information extracted from the cell
state ci to produce the hidden state hi

hi = oi � tanh(ci). (10)

Through this mechanism, relevant outputs are generated by
the LSTM at each time step while preserving long-term depen-
dencies.

The detailed structure of BiLSTM is illustrated in Fig. 8. In
Fig. 8, BiLSTM consists of forward and backward LSTM units.
Consequently, two hidden states are obtained at time step i. Let
hi and h′

i denote the hidden states of the forward and backward

LSTM outputs, respectively. From the output [hi, h′
i]
T

at time
step i, the probability Pi of the ith feature word is predicted

Pi = sigmoid(ai[hi, h′
i]
T
+ bi) (11)

where ai and bi denote the weight vector and bias vector of the
fully connected layer, respectively. The Pi denotes the probabil-
ity at time step i. For enhanced interpretability, it is deliberately
aligned with category i.

In this article, the dimension of each feature vector is es-
tablished at 70. Simultaneously, the hidden state size of the
BiLSTM is also set to 70. Through this configuration, the
expressiveness and computational complexity of the model
are effectively balanced. Given the complexity of the task and
the volume of data, the LSTM is set up with 32 cells. After that,
probability predictions are generated for all categories.
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Fig. 9. Geographic information of the study area. (a) Mountainous area. (b) Plateau. (c) Karst Landform.

TABLE I
NUMBER OF SAMPLES FOR DIFFERENT OBJECT CATEGORIES IN THE BIJIE

MULTILABEL LANDSLIDE DATASET

III. DATA DESCRIPTION

The Bijie landslide dataset [22] is composed of 2773 remote
sensing images, which were captured by the TripleSat satel-
lite from May and August 2018 with a ground resolution of
0.8 m. Within them, there are 770 landslides’ samples and 2003
nonlandslides’ samples. However, the Bijie landslide dataset
oversimplifies the complex ground environment into only two
categories—landslide and nonlandslide, which creates a discon-
nect with the reality. Therefore, the Bijie multilabel landslide
dataset is conducted by reassigning multiple target labels to the
Bijie landslide dataset.

Compared with the original dataset, the total number of sam-
ples in the Bijie multilabel landslide dataset remains the same,
but each optical remote sensing image includes 11 candidate
labels: bare soil, building, field, grass, greenhouse, landslide,
pavement, semiarid grasslands, tree, and water. Among them,
the categories of field and semiarid grasslands are determined
based on the actual target labels present in the Bijie landslide
dataset and the ecosystem characteristics of Bijie. Geographic
information of Bijie is also taken into account, as shown in Fig. 9.
The number of relevant images for each target category is listed
in Table I, while the samples of landslide and nonlandslide scene

categories and the class labels they encompass are illustrated in
Fig. 10.

During the construction of the Bijie multilabel landslide
dataset, we performed four rounds of multilabel annotation
iterations. The multilabel annotation iterative process is shown in
Fig. 11. As shown in Fig. 11, each iteration includes expert anno-
tation to generate a new dataset, and baseline model experiments
are performed on the dataset. The baseline model is multilabel
Resnet50. We evaluate the results of the baseline model to decide
whether to conduct a bad case study. Bad case study usually
includes error type identification, case analysis, cause explo-
ration, etc. If this operation is performed, the dataset is updated
based on the results of the baseline model, thus completing an
iterative closed loop. Through multiple iterations, the quality of
the dataset is optimized. The core of label assignment rules is to
handle the size of objects and the differences in features within
classes to ensure the clarity and accuracy of labeling decisions.
For the size of the target, a minimum size standard needs to
be set. Targets whose area is less than 2% of the overall image
area are usually not annotated. However, the rule is not absolute.
Visibility principles should also be considered. Even if the target
is small, if it can still be clearly identified, it should be labeled.
When dealing with intraclass feature differences, the key is to
determine the multidimensional characteristics of the class.

For example, the characteristics of a building range from size,
shape, and roof structure to color and even its distribution in the
area. In these aspects, as long as certain conditions are met, they
should be marked. Such careful distinction ensures the accuracy
and consistency of the annotation process. We used random
sampling to divide the dataset. Random sampling ensures that
the training and test sets are statistically representative. This ap-
proach avoids bias caused by uneven data distribution, allowing
a fair assessment of the model’s generalization ability in a variety
of situations. In addition, the segmentation ratio of training set
to test set is 2:1, which is consistent with that of the previous
Bijie landslide dataset segmentation mode.

IV. ANALYSIS OF LANDSLIDE DETECTION RESULTS

A. Training Parameter Settings

The initialization methods for the two components included
in the proposed Swin-BiLSTM-FS are mainly given as follows.
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Fig. 10. Samples from the Bijie landslide dataset al.ng with their corresponding multiple object labels after supplementary annotation are provided. Each image
has a spatial resolution of 0.8 m, and their scenes and object labels are described as follows. (a) Bare soil and tree. (b) Building and pavement. (c) Court and building.
(d) Building, field, tree, and pavement. (e) Building, landslide, pavement, tree, and water. (f) Field. (g) Grass and tree. (h) Greenhouse. (i) Semiarid grassland.
(j) Building, grass, landslide, pavement, and tree. (k) Building, field, pavement, and tree. (l) Pavement and tree. (m) Tree. (n) Building, field, tree, and water.
(o) Building, landslide, pavement, and tree.

Fig. 11. Process of multilabel annotation iteration.

1) Swin transformer-tiny pretrained on the ImageNet dataset
is used to initialize the feature extraction backbone [38].

2) The Glorot initialization method is used for initializing
the weights of the single-unit linear layer, while the bias
is initialized to zero.

3) The linear layers in BiLSTM (i.e., the weight matrices of
the input gate, forget gate, cell gate, and output gate) are
orthogonally initialized.

As for the biases’ terms, the bias of the forget gate is typically
initialized to 1 (to avoid forgetting too much information), and
the biases of the other gates are set to 0. All parameters in the
network are trainable and these weights are fine-tuned during
the training phase.

Regarding the optimizer, we employ adaptive moment es-
timation (Adam) [44], with ε as a small constant to prevent
division by zero and control the maximum size of updates;β1 and
β2 are the hyperparameters of the exponential sliding average

that control the decay rate of the exponential sliding average
of gradient. They are set as follows: ε = 1e− 8, β1 = 0.9, and
β2 = 0.999. The learning rate is set to 1e− 4, and the weight
decay is set to 1e− 2. Binary cross-entropy loss is employed
for the loss function. In addition, training images are randomly
flipped with a probability of 0.5 to enhance the generalization
ability of model. The network was implemented using Pytorch
and trained for 100 epochs on an NVIDIA GeForce RTX 3080 Ti
12 GB GPU with a truncation method to prevent overfitting. The
training was stopped when the validation loss did not decrease
significantly within five epochs. To balance the memory ability
and training speed, the training batch size is set to 32. During
training, an exponential moving average mechanism [27] was
employed, which does not increase the performance of the model
but improves the stability and generalization ability of the model.
Different network structures and network parameters have dif-
ferent effects on the final results, with several experiments; the
optimal basic parameter settings for each model are shown in
Table II, and the input and output sizes for each model can be
found in Table III.

B. Analysis of MLC Results

1) Analysis of MLC Performance: We evaluate the perfor-
mance of Swin-BiLSTM-FS in landslide detection tasks from
two perspectives. On the one hand, the performance of the pro-
posed model on an MLC task, i.e., considering all categories; on
the other hand, the performance of the model in the landslide cat-
egory. For multiclassification problem, the performance of the
MLC task is evaluated using macroaveraging, which denotes the
category-based average of P, R, and F1. The proposed method
allocates an equivalent weight to each category, which makes it
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TABLE II
BASIC PARAMETERS OF EACH MODEL

TABLE III
INPUT AND OUTPUT SIZES FOR EACH MODEL



9204 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 17, 2024

more meaningful in the case of unbalanced category distribution.
CP stands for the average precision based on category, while CR
stands for the average recall rate based on category. They enable
a comprehensive assessment of model performance from the
perspective of different categories. Their calculation is given as
follows:

CP =

∑N
i=1 Pci

N
(12)

CR =

∑N
i=1 Rci

N
(13)

P =
TP

TP + FP
(14)

R =
TP

TP + FN
(15)

where TP, FP, and FN represent the quantities of correctly pre-
dicted positive class labels (true positives), incorrectly predicted
positive class labels (false positives), and incorrectly predicted
negative class labels (false negatives) in a category, respectively.
P and R indicate the precision and recall rates of a category.
Similarly, Pci and Rci represent the P and R of the ith category,
respectively.

The category-based average of F1, denoted as CF1, is calcu-
lated as follows:

F1 =
2PR

(P +R)
(16)

CF1 =

∑N
i=1 F1i

N
(17)

where F1i denotes the F1 of the ith class, and N represents the
total number of categories.

The example-based average precision (EP) and average recall
(ER) [45] help us to provide insight into the network perfor-
mance from a holistic perspective

EP =

∑M
j=1 Pej

M
(18)

ER =

∑M
j=1 Rej

M
(19)

where Pej and Rej represent the P and R of the jth instance,
respectively, and M denotes the total number of instances.

In addition, some negative evaluation metrics should be com-
pared to prove the effectiveness of the proposed method. We
employ category-based missed detection (CMD) and category-
based false alarm (CFA) numbers that clearly show the missed
detections and false positives for each method

CMD =

N∑
i=1

MDci (20)

CFA =

N∑
i=1

FAci (21)

MD = FN (22)

FA = FP (23)

where MDci and FAci represent the MD and FA of the ith
category, respectively.

To comprehensively assess the performance of the proposed
model, the evaluation was conducted in this study from three
perspectives.

1) In the MLC task, we compare the performance of the
proposed method with traditional CNNs, transformer net-
works, and advanced MLC models to validate the effec-
tiveness of the proposed method in MLC tasks.

2) Analyze the performance differences between the pro-
posed method and other advanced technologies at each
category level to demonstrate their advantages in different
categories.

3) Focus on landslide categories to further confirm the effec-
tiveness of the proposed method on landslide detection.

The Softmax function is replaced with the Sigmoid function
to calculate the score for each category. After normalizing all
scores, the probability of occurrence of each category can be
obtained. A threshold of 0.5 is set to produce the predicted binary
sequence.

The experimental results on the Bijie multilabel landslide
dataset are shown in Table IV. In order to clearly compare
the performance of different methods, we indicate the best
results in bold and underline the suboptimal results. There are
six difficult categories in the Bijie multilabel landslide dataset,
accounting for 54.5% of all categories, which results in generally
lower performance in category-based indices namely, CF1, CP,
and CR. To demonstrate that the Swin transformer is a better
choice as a feature extraction network, the feature extraction
backbone network of ML-GCN [36] and ML-decoder [46]
is replaced with the Swin transformer, naming the modified
ML-GCN and ML-decoder as Swin-GNN and Swin-decoder,
respectively. Compared with the original network, Swin-GNN
performs better in CP and CR, and the overall performance is
generally improved. Swin-decoder demonstrated improvements
on all measures, exhibiting a conspicuous overall performance
enhancement. Therefore, in subsequent experiments, we con-
trast Swin-GNN and Swin-decoder with our novel method,
Swin-BiLSTM-FS, to further demonstrate the importance of
BiLSTM.

In Table IV, the transformer models outperform CNNs in the
task of multilabel image classification, balancing precision, and
recall more effectively. Although ViT-small surpasses Resnet50
in some metrics, it tends to underperform in terms of EP due to
its focus on capturing global context information. Compared
with ViT-small, swin-tiny handles local features more effec-
tively due to its window-based SA mechanism. The ensemble
model effectively combines five neural networks to integrate
the advantages of different networks. Without considering the
model complexity, this ensemble method exhibits excellent
performance on multilabel tasks, which is only lower than the
proposed method. When dealing with complex multilabel prob-
lems, integrating strategies from different networks is also an
effective way to improve the overall performance of the model.
CA-Conv-BiLSTM makes progress in handling intercategory
dependencies, with a maximum EP of 89.87% and a suboptimal
CFA of 650. Swin-GNN achieves a more effective balance
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TABLE IV
COMPARISON OF CLASSIFICATION PERFORMANCE ON THE BIJIE MULTILABEL LANDSLIDE DATASET

between P and R, as well as CMD and CFA. However, there
is still room for improvement in the overall performance of both
methods. Specifically, CA-Resnet50-BiLSTM is limited by the
feature extraction ability based on Resnet50 and particularly
struggles with balancing global and local information extraction.
Meanwhile, the processing pressure of the BiLSTM network
may not be effectively reduced by the strategy of compressing
the feature maps on the channels. As for Swin-GNN, it might
be constrained by the mismatch between content feature space
and label space. That is to say, Swin-GNN possesses an ad-
vantage in handling interclass dependencies. However, if the
correspondence between the feature space and label space is
poor, its actual performance in practical applications might be
lower than the advantages presented by the evaluation metrics.
The Swin-decoder performs well on some metrics, but it typi-
cally has lower interpretability. In other words, it is difficult to
explain why the model makes specific predictions, which might
introduce a degree of uncertainty [45] and make it poorer than
optimal.

Our proposed Swin-BiLSTM-FS model is superior to the
other compared methods. Its highest F1 of 61.10% among all
methods outperforms Swin-GNN and Swin-Decoder by 10.07%
and 8.31%, respectively, which highlights the importance of
introducing BiLSTM and matching it to the feature extrac-
tion network. Meanwhile, CP and CR are also the highest
with 68.70% and 59.00%, respectively, with significant perfor-
mance improvement. Moreover, Swin-BiLSTM-FS surpasses
Swin-tiny in all evaluation metrics, which further validates
the essential role of the BiLSTM subnetwork. To elucidate
the mechanism of the model, the feature extraction network
of the SwinLSTM-FS-Swin-tiny is replaced with Resnet50
to obtain a new model, Resnet50-BiLSTM-FS. Compared to
employing Resnet50 alone, the model exhibits superiority on
most evaluation metrics, which demonstrates the effectiveness

of transforming feature maps into feature sequences and mod-
eling label dependencies via BiLSTM. However, compared to
the benchmark model Resnet50, the ER of Resnet50-BiLSTM-
FS falls short. Compared with Resnet50-BiLSTM-FS, Swin-
BiLSTM-FS improves CP, CR, CF1, and ER while stabilizing
EP, which emphasizes the positive impact of Swin-tiny on
model performance. Furthermore, Swin-BiLSTM-FS is optimal
in CMD and CFA, which are 933 and 612, respectively. This
shows the superiority of the proposed method on the MLC task.
CA-Resnet50-BiLSTM owns suboptimal CFA, but the CMD
of this method is the worst, which shows that CA-Resnet50-
BiLSTM cannot effectively balance CFA and CMD. The good
performance across various metrics of the proposed model is
attributed to the complementary effects of the powerful feature
extraction capability of Swin transformer and the relational
inference capability of BiLSTM.

For each category in the Bijie multilabel landslide dataset,
Fig. 12 provides a detailed display of R and F1 score. In cate-
gories with a higher number of samples, such as building, field,
landslide, pavement, and tree, the proposed Swin-BiLSTM-FS
model outperforms other methods. In categories with fewer
samples, our model performs well in classes, such as bare
soil, court, grass, and water, but falls short in the categories
of greenhouse and semiarid grassland. This phenomenon might
be attributed to several reasons: First, the number of samples for
greenhouse and semiarid grassland in the training dataset are
43 and 25, respectively, accounting for only 2.3% and 1.4% of
the total training dataset. Second, for the greenhouse category,
its color and shape are highly similar to some buildings, such as
factory, which might lead to confusion for the Swin-BiLSTM-FS
model. When the ensemble model makes classification deci-
sions, it must pass the judgment of five networks. Therefore,
its performance in detecting greenhouses is the best. Since the
Swin-decoder has high complexity, it has good performance
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Fig. 12. Evaluation of per-class performance in recall and F1-score between Swin-BiLSTM-FS and other MLC methods (Swin-BiLSTM-FS, ensemble
model, Swin-decoder, Swin-GNN, CA-Resnet50-BiLSTM, Swin-tiny, ViT-Small, and Resnet50). (a) Performance evaluation for frequent classes in the dataset.
(b) Performance evaluation for rare classes.

in detecting greenhouses. The Swin-decoder performs best in
this category, which may be attributed to its higher complexity.
Third, for the semiarid grassland category, whose features lie
between bare soil and grass, the Swin-BiLSTM-FS model may
have difficulty in adequately recognizing its unique features and,
therefore, classifying it accurately. In the situation where the
content feature space and label space do not match, Swin-GNN
introduces information outside the dataset by using pretrained
word vectors, which may have a positive effect on improving
model performance in some cases. Nevertheless, in terms of
rare and common categories, our model achieved satisfactory
results overall. Some prediction examples from the Bijie multi-
label landslide dataset are shown in Table V, where our model

correctly predicts the majority of object labels. However, in
Table V, there are some mistakes. In the third image, the green-
house is incorrectly classified as a building; in the fourth image,
the semiarid grassland is incorrectly classified as bare soil. These
instances are consistent with our previous analysis.

2) Analysis of Landslide Detection Performance: In the
MLC task, our model performs well and provides strong support
for landslide detection. A comparison result for various methods
in the landslides category is shown in Table VI, where the
first two methods employ single-label image classification. It
has been found that the integration of multisource data can
enhance the accuracy of landslide detection. Compared to only
utilizing optical remote sensing images, F1, P, R, and MD are
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TABLE V
PREDICTION EXAMPLES FROM THE BIJIE MULTILABEL LANDSLIDE DATASET

TABLE VI
COMPARISON OF LANDSLIDE DETECTION PERFORMANCE

all improved by combining optical remote sensing images and
digital elevation models (DEMs). However, creating DEM data
requires a substantial amount of a priori knowledge and human
resources, which may not be the optimal choice. In addition,
the matching between DEM and optical remote sensing data is
difficult, and multisource data require higher model complexity.
Therefore, we have introduced MLC into the field of landslide
detection.

Compared with the singe-label image classification, both F1

and R are increased in the MLC strategy for Resnet50, and the
MD and FA are better balanced. The reason is that the loss
function of the MLC strategy contains the losses from all binary

classifiers. Although MLC does not directly model interlabel re-
lationships, it indirectly considers the correlation between labels.
This validates the effectiveness of further mining optical remote
sensing information through MLC. However, P is decreased
and FA is increased due to the insufficiency of Resnet50 in
extracting global context information. Without considering the
model complexity and the problems existing between heteroge-
neous data, Resnet50+DEM+SCAM achieved the highest P of
98.78% and the lowest FA of 3, which shows that this method
has more stringent standards for detecting landslides. However,
its performance on R is poor, which can lead to relatively high
MD. The ensemble model uses a decision-level fusion strategy
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to combine five different networks. This method requires the
model to make multiple judgments when making decisions.
Therefore, the model obtains a higher F1 score and maintains
the balance between P and R, so are MD and FA. However,
each individual network is involved in the final decision, and
the errors of each network are added to the overall model.
This means that, although the ensemble model performs well
overall, its performance is still limited by the performance of the
included networks. Compared with Resnet50 based on the MLC
method, all indicators of Swin-tiny are improved. Swin-tiny is
capable of concurrently extracting global information and local
information. This trait makes it ideal for feature extraction in
MLC tasks.

In the landslide category, compared with Swin-tiny, both P
and F1 of Swin-GNN are declined, but R is increased. This is
consistent with the performance manifestation in MLC tasks,
suggesting that employing a GNN to model interlabel dependen-
cies may not be the best strategy. Swin-decoder increases in both
F1 and R, while P decreases. Despite that the ML-decoder of
Swin-decoder achieves significant progress in terms of R, the un-
certainty in interclass modeling can reduce the P of landslide and
increase the FA. The proposed Swin-BiLSTM-FS effectively
balances local and global features in single-label classification
tasks, which has advantages over other single-label methods.
However, the single-label strategy does not consider landslide
area topographic information. When faced with landslide detec-
tion with diverse spectral and spatial characteristics, the model
will miss some real landslides with unclear characteristics. After
combining DEM, the model adopts more stringent standards
when making predictions. The model predicts a landslide only
when the topographic features of the landslide are very obvious.
This approach will reduce the number of instances where non-
landslides are incorrectly labeled as landslides, thus reducing
FA and improving accuracy. However, some real landslides will
also be missed, increasing MD and reducing the R. In MLC,
Swin-BiLSTM-FS+DEM has poor performance in detecting
landslides. The reason is that DEM is mainly used to represent
the elevation information of the surface and cannot reflect the
characteristics of various types of ground objects. Therefore, in
MLC, the fusion of DEM reduces the detection ability of the
model for each category. At the same time, landslide area topo-
graphic information cannot be used to promote the performance
of landslide detection. In addition, the resolution of the DEM
in the dataset is 2 m, which also brings difficulties to the MLC
task. Our proposed model, Swin-BiLSTM-FS, performs best in
multilabel tasks and surpasses other methods in the most critical
category—landslide, with the optimal F1, R, and MD. The
reason is that it efficiently models dependencies between land
object types while ensuring the robustness of feature extraction.
The model utilizes the inherent connection between the types
of land objects presented at landslide sites and the landslides,
thereby enhancing landslide detection performance. Although
Resnet50+DEM+SCAM and Swin-BiLSTM-FS+DEM also
have good performance in FA, they all sacrifice MD. Moreover,
in the task of detecting landslides, the consequences of a missed
detection may be more serious than a false alarm. Therefore,

TABLE VII
COMPARISON OF THE TIME TO PREDICT A SINGLE IMAGE (MS), THE

PARAMETER VOLUME (M), AND FLOPS (GMAC) OF THE MODEL

Swin-BiLSTM-FS can effectively reduce MD while maintaining
low FA, reflecting its reliability in practical applications.

An enhancement in model performance often sacrifices com-
putational efficiency [48]. Table VII displays the number of
parameters for each model, the time required to predict a
single image and floating point operations (FLOPs). Comparing
parameter quantities, prediction times and FLOPs help to reach
the tradeoff between model performance and computational ef-
ficiency, thereby enabling a more thorough evaluation of model
in practical application. Resnet50 achieves a balance between
performance and efficiency under less parameters and shorter
computational time. The FLOPs of ViT-small are slightly higher
than ResNet50, but it has fewer parameters and the shortest
processing time of 101.37 ms. These differences reflect the
characteristics of CNNs and transformer networks. The process-
ing speed of Swin-tiny is similar to ViT-small. It enhances its
feature capture capability by moderately increasing the number
of parameters. The increment of FLOPs for Swin-tiny is due to
the additional computational overhead caused by its hierarchical
and moving window SA mechanisms. However, considering its
advantages in feature expression, these additional computational
overheads are reasonable and effective. The ensemble model
improves detection performance by significantly increasing the
number of parameters and complexity of the model. While
obtaining higher accuracy, it sacrifices the efficiency and main-
tainability of the model, resulting in limitations in practical
applications. The parameter quantity of CA-Resnet50-BiLSTM
is similar to that of Resnet50, but its computation time is
longer. The reason is that the additional category attention layer
and BiLSTM layer increase the model complexity. Swin-GNN
owns a moderate parameter quantity, and its calculation time
reaches 2725.89 ms, which suggests that GNN subnetworks may
add significant computational costs. The number of parameters
and FLOPs of Swin-GNN are similar to Swin-tiny, but they
are computationally significantly different. Because Swin-GNN
combines a GNN, a large number of sparse matrix operations
are required. These operations are not as efficient as the dense
matrix operations in Swin-tiny on many hardware. The reason
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Fig. 13. Example class attention maps of images. (a) is a sample from the Bijie landslide dataset. (b)–(i), respectively, display the class attention maps for bare
soil, building, field, greenhouses, landslide, pavement, tree, and water in samples.

is that the irregular memory access pattern of sparse matrices
makes it difficult to efficiently utilize hardware resources. As
previously analyzed, adopting the ML-GCN strategy may not
be the optimal choice for MLC tasks. Swin-decoder has a larger
parameter quantity because the multilabel decoder increases
the complexity of the model. However, its computation time is
shorter, which is approximate to that of Swin-tiny and our pro-
posed model. Our proposed model, Swin-BiLSTM-FS, is closed
Swin-tiny in terms of parameter quantity and computation time,
achieving faster prediction time under moderate parameter quan-
tity. The design of the FR module and CRP module achieves a
balance between computational complexity and model complex-
ity. Therefore, compared with Swin-tiny, the proposed method
reduces FLOPs while moderately increasing the number of
parameters. This demonstrates that the proposed model reaches
a good balance between performance and efficiency.

C. Analysis of Grad-CAM Visualization

In this section, we delve into a qualitative analysis of the
performance of our proposed Swin-BiLSTM-FS model on key
categories, such as landslides and pavements. We utilize the
Grad-CAM visualization technique, which helps identify areas
in an image that play a key role in the prediction of a specific
category, thereby understanding how the network pays attention
to specific areas of the input image. This aids in validating the
efficacy of MLC in landslide detection and further elucidating
phenomena observed in the quantitative analysis.

In the Bijie multilabel landslide dataset, the Grad-CAM is
performed on the output of the norm layer before the GAP of the
proposed model. The class attention maps of examples from the
Bijie multilabel landslide dataset are illustrated in Fig. 13. Each
row represents a different example, with column (a) showing the
original image and columns (b)–(i), respectively, representing
the CAMs of bare soil, building, field, greenhouse, landslide,
pavement, tree, and water. The observation reveals that the CAM
for corresponding categories highlights the discriminative areas
of the positive category. For instance, when a category (such
as landslide, pavement, and water body) does not exist in the
original image, the activation mapping of the corresponding
category has almost no activated area. In Fig. 13, the object
labels of the second row image are building, field, greenhouse,
and tree, all of which are significantly activated. The nonexistent
categories (such as landslide, pavement, and water) have almost
no activation. As can be seen from the third scene of Fig. 13, the
CAM maps of landslide, pavement, and tree are obvious, leading
to their prediction as positive instances. This is consistent with
the high CR and CP values observed in our quantitative analysis,
indicating that our model can effectively identify and distinguish
different categories. In the fifth scene in Fig. 13, the proposed
model is not complete for the attention area on the bare soil. The
reason is that bare soil is a rare category with only 211 samples
in total, which makes it difficult for the model to accurately learn
its unique features. Bare soil shows greater variability in spectral
and spatial characteristics than the landslide category. The cause
of its formation also has higher uncertainty. The proposed model
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Fig. 14. CAM for landslide categories. (a) Samples in Bijie landslide dataset.
(b)–(e) Landslide attention maps of Swin-tiny, Swin-GNN, Swin-decoder, and
Swin-BiLSTM-FS, respectively.

learns the landslide area topographic information, which can
effectively reduce the misjudgment of bare soil as a landslide
when detecting landslides. The bare soil of the fifth scene in
Fig. 13 contains two areas, a and b. The bare soil characteristics
of areas a and b are different, making it difficult for the model to
accurately identify the two areas at the same time. The proposed
model did not detect bare soil in area a, but successfully detected
bare soil in area b. And it can effectively distinguish between
bare soil and landslide areas. In the sixth scene of Fig. 13,
the bare soil area is accurately noticed by the proposed method.

In addition, the CAM of different methods on the landslide
category is illustrated in Fig. 14. In addition to the proposed
model, the Grad-CAM visualization results of the three methods
of Swin-tiny, Swin-GNN, and Swin-decoder are all derived from
the last norm layer of their respective networks. These layers
are the final norm layer of Swin-tiny, the norm layer after the
Swin transformer for Swin-GNN, and the norm layer before the
ML-decoder classification header. It is shown that the attention
of Swin-tiny is more distinct at the location of the landslide,
but the overall attention range is too large. On this basis, the
addition of the GNN and ML-decoder subnetworks has resulted
in an overall area of attention that is closer to the real region.
The R of Swin-GNN is better than that of Swin-tiny, which is
shown in Table V. As illustrated in Fig. 14, this is because more
real regions are included in the attention region. However, the P
is reduced, which is due to the attention region that expands too
much, which results in that information from other categories
being included. The R of the Swin-decoder is better than that of

Fig. 15. CAM for pavement categories. (a) Samples in Bijie landslide dataset.
(b)–(e) Pavement attention maps of Swin-tiny, Swin-GNN, Swin-decoder, and
Swin-BiLSTM-FS, respectively.

Swin-tiny, as shown in Fig. 14, which is because the attention
regions are more focused. However, P is slightly lower because
of the uncertainty in the modeling of the labels, which makes
for slight changes in the attention regions. The attention of our
proposed Swin-BiLSTM-FS method on the landslide category
is highly concentrated and accurate, further validating the effec-
tiveness of our proposed method in landslide detection. These
results confirm that our model has high predictive performance
in the task of landslide detection.

Similarly, the CAMs of various methods on the pavement cat-
egory are illustrated in Fig. 15. It is shown that, in the challenging
scenarios, the recognition of Swin-tiny falls not satisfactory.
For instance, for the fifth scenario in the fifth row of Fig. 15,
there is no remarkable feature difference between the pavement
and other categories. Under such a situation, Swin-tiny cannot
distinguish well between the pavement and other categories.
After the introduction of additional knowledge by Swin-GNN,
it fully notices the pavement. However, its attention activation
area includes both the landslide and pavement categories. This
indicates that it cannot efficiently differentiate between the
features of landslides and pavements. In the sixth scenario of
Fig. 15, even though the actual label does not encompass the
pavement, Swin-decoder produces activation of the pavement
category in certain areas. This suggests that this model may
have some degree of overfitting. Overall, our proposed method,
Swin-BiLSTM-FS, can effectively distinguish the pavement and
landslide categories from others. The Grad-CAM visualizations
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for the pavement and landslide categories further validate the
robustness and effectiveness of the proposed model.

V. DISCUSSION

In this study, we systematically evaluate the performance
of the proposed MLC network Swin-BiLSTM-FS in landslide
detection in remote sensing images. On the proposed dataset,
the experiments included both quantitative and qualitative eval-
uation dimensions. In quantitative evaluation, the performance
of the model on the MLC task is evaluated through a set
of standardized metrics. Among them, category-based metrics
include CP, CR, CF1, CMD, and CFA, while example-based
metrics include EP and ER. The P, R, F1, MD, and FA of
the model on landslide category are also evaluated. Through
comparative analysis and ablation studies, we further confirmed
the effectiveness of the MLC strategy, as well as the advantages
of the model compared with the existing advanced methods
and its high efficiency in data processing. In Table IV, Swin-
BiLSTM-FS shows better performance than other methods in the
MLC task. Swin-BiLSTM-FS achieved the highest CF1 score
of 61.1%, which is 3.1% higher than the next best method of
58.0%. Except for EP, our method is better than the comparison
methods in all of the other evaluation indicators. As shown
in Table VI, in the landslide detection task, Swin-BiLSTM-FS
achieves the highest F1 score of 97.56%, which is 0.94% points
higher than the suboptimal method Resnet50+DEM+SCAM.
And the proposed method achieves a better balance between
P and R, so are MD and FA. Furthermore, the performance
of Swin-BiLSTM-FS in landslide detection using only single-
modal images surpasses Resnet50+DEM+SCAM, which uses
multimodal data. Its F1 score and R increased by 0.94% and
3.28%, respectively. To evaluate the efficiency of the proposed
model, we compared the number of parameters, single-scene
prediction time, and computational complexity. As shown in
Table VII, Swin-BiLSTM-FS slightly increases the number of
parameters compared with Swin-Tiny while reducing FLOPs.
It achieves faster prediction times with a moderate number of
parameters, which shows that the model achieves a good balance
between performance and efficiency.

In the qualitative evaluation, Grad-CAM is used to display
the attention areas of the Swin-BiLSTM-FS network on dif-
ferent categories to describe the process of model decisions.
Compared with state-of-the-art MLC methods on Grad-CAM
to evaluate the attention degree of Swin-BiLSTM-FS on im-
portant categories, such as landslide and road, the Grad-CAM
visualization results in Fig. 13 show that Swin-BiLSTM-FS can
accurately focus on specific areas of different categories. As
shown in Figs. 14 and 15, compared with other methods, Swin-
BiLSTM-FS has more concentrated attention areas on landslide
and road. These experimental results demonstrate the advantages
of Swin-BiLSTM-FS in visual interpretability and highlight its
concentration and accuracy in identifying important features.

In summary, Swin-BiLSTM-FS has excellent performance in
MLC and landslide detection tasks. Meanwhile, its advantages
are demonstrated in terms of the prediction time and visual
interpretability. The application potential of Swin-BiLSTM-FS

is shown in remote sensing image classification and detection
tasks.

VI. CONCLUSION

In this article, we first treat landslide detection as an MLC
task and propose an MLC network based on Swin-BiLSTM-FS,
which uses the MLC method to learn the connection between
landslides and ground object categories to improve landslide
detection performance. This network mainly consists of an FR
module and a CRP module. Specifically, the FR module is re-
sponsible for capturing fine-grained high-level semantic features
from the original image and transforming them into feature
sequences. The CRP module, subsequently, processes these fea-
ture sequences, mapping them into feature vectors, and feeding
them into the BiLSTM to model interdependencies between
labels. Finally, the network predicts multiple labels for the im-
age. However, training MLC models requires high-quality MLC
datasets, and there is currently no open-source high-quality mul-
tilabel landslide dataset. Therefore, this article expands the Bijie
landslide dataset and adds multilabel annotation. The results
demonstrated the effectiveness of our model both qualitatively
and quantitatively. The performance of the proposed method ex-
ceeds the existing methods in both MLC tasks and landslide de-
tection. Moreover, Grad-CAM visualization results further sub-
stantiated the accuracy of the attention regions in our proposed
method. In future work, we plan to extend this network to the
weakly supervised semantic segmentation domain and fine-tune
the model to enhance its generalizability on specific categories.
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