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Abstract. The 6G satellite system can help humans detect natural disasters and
respond quickly through a low-altitude full-coverage network. Analyzing and
identifying landslide images captured by satellites can help humans address the
various hazards posed by landslides. Recently, deep learning models have been
developed rapidly and demonstrated the effectiveness of landslide detection. Many
models use convolutional neural networks (CNN) to extract the features of land-
slide images for landslide detection. However, CNN-based models cannot obtain
global semantic information of images, resulting in low accuracy of landslide
detection or some misjudgments. In this paper, we adopt a pre-training feature
extraction network and an unsupervised multi-level transformer autoencoder for
landslide detection. We first extract multi-scale features from the pre-training
network, then reconstruct the image features using an autoencoder transformer
network with a U-Net shape, which can better get global semantic informa-
tion. We use the Bijie landslide dataset captured by satellites for experiments.
The experimental results show that, compared with the original CNN model, our
method can improve the detection accuracy and effectively distinguish landslide
and non-landslide image data.

Keywords: 6G satellite image - landslide detection - autoencoder - vision
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1 Introduction

Landslide is a common geological disaster, which can bring unpredictable damage to
the natural environment, public infrastructure, and human life [1, 2]. Recently, with the
development of 6G satellite communication network and remote sensing technology,
people can apply the high-resolution satellite images to disaster management, landslide
detection and identification [3, 4]. There are various landslide features in the landslide
images, how to comprehensively use them for accurate and effective landslide detection
is extremely meaningful to reduce the economic risks and protect human life.
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Traditional landslide detection methods usually use statistical features such as image
texture and color, to detect landslide. Martha et al. [5] investigated landslide detection
using spectral, shape, and contextual information from landslide images. In addition,
some machine learning methods, such as support vector machine [6], random forest [7],
and genetic algorithm [8], combine statistical methods for landslide detection. However,
machine learning methods do not have good feature extraction capability and cannot
automatically detect.

Deep learning models have powerful representation learning capability, can auto-
matically extract features and apply them to landslide detection. Specifically, the con-
volutional neural network (CNN) has surpassed traditional statistical feature extraction
and machine learning methods in various image-based tasks [9]. Using optical data and
terrain factors from the Rapid Eye satellite, Ghorbanzadeh et al. [10] analyzed the per-
formances of different CNN-based models for landslide detection, and the experimental
results showed that CNN-based deep learning methods can achieve better results. Ji S
et al. [11] focus on landslide detection from satellite images using CNN-based methods
based on the attention mechanism to enhance the CNN to extract more distinctive land-
slide feature representations. However, CNN focuses on extracting local image features,
and it is difficult to learn the global context features of images [12].

Vision transformer (ViT) [13] is the first vision transformer. It proves that the NLP
transformer [14] framework can be transferred to the image recognition and detection
task [15, 16] with excellent performance. Compared with CNN, ViT can learn image
contextual features through patch-level image and global attention mechanism [17]. To
capture local and global information of image, we focus on combining transformers on
multiple levels for better image detection and discrimination.

Hence, we propose an unsupervised deep learning model for landslide detection.
The model mainly contains a feature extraction network and a multi-level transformer
autoencoder framework. Firstly, we extract features from a pre-training network; Then
the image features can be reconstructed using a multi-level transformer network. In this
way, not only fine-grained features but also coarse-grained features can be extracted.
At last, we fuse the two kinds of features of satellite images for the landslide detection
tasks.

2 Related Work

2.1 6G Satellite Communication

6G satellite communication will play an important role in the global communication and
monitoring. Through the integration of satellite communication and terrestrial network,
the goal of mobile network coverage in the entire global area will be achieved, realizing
user access at any time and business continuity. Satellite networks can provide various
services to vast areas, and satellite services have been evolved from traditional voice and
broadcast services to broadband Internet services [18], which can monitor the behav-
iors of mobile users, buildings, aircraft, ships, emergency base stations, and forecast of
weather conditions and natural disasters [19]. By transmitting the detected statistical
information or captured satellite images to the ground, combining with Al intelligent
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technology, we can effectively detect weather or geological disasters, such as landslide
detection of satellite images.

2.2 Deep Learning Models

U-Net. The original intention of U-Net [20] is to perform medical image segmentation.
The U-shaped network structure is used to obtain context information and position
information. It is a simple and efficient deep learning network and easy to build and
train.

Therefore, we employ U-Net to capture both shallow and deep features simultane-
ously. Because both low-level features and high-level semantic features are important in
landslide detection of satellite image. The skip connection structure (feature splicing)
of U-shaped structure is quite effective, which can help distinguish abnormal landslide
images from normal non-landslide images. The framework of U-Net is shown in Fig. 1.
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Fig. 1. The U-Net framework

Vision Transformer. ViT mainly processes images by splitting them into multiple
patches; then the two-dimensional patches are converted into a one-dimensional vector.
The class vector and position vector are also added as the model input. Due to the spatial
connections between multiple patches, ViT achieves good performance in downstream
tasks [21]. Our framework mainly involves the transformer encoder and decoder with
the attention mechanism. The framework of the original vision transformer is shown in
Fig. 2.



Landslide Detection of 6G Satellite Images 103

Vision Transformer (ViT) Transformer Encoder
1Ld
] MLP
Classifier +~——
Head GiLh

Norm

Transformer Encoder
4

Patch + Position l I T I 1 T t I I T

Embedding a* a E E a Multi-Head
* Extra learnable I | I ' | I | | | Attention
[class] embedding Linear Projection of Flattened Patches L1t

mEE—mEEmmEEE

Fig. 2. The ViT framework

Considering the ability of the transformer to handle contextual semantics, we utilize
transformers of different granularities to extract image features to provide multi-scale
features for image reconstruction. In addition, due to the skip connection structure of
U-Net that can reduce information loss, we apply multiple transformers with different
granularities to U-Net to obtain a U-shaped transformer autoencoder, which can effec-
tively extract the image features, and use the reconstruction error map to distinguish
landslide and non-landslide images.

3 Methodology

We apply an unsupervised multi-level transformer encoder-decoder framework to land-
slide detection from satellite images, shown in Fig. 3. Our model contains a pre-training
CNN network and a multi-level autoencoder with transformer structure. First, we intro-
duce the structure of pre-training network to extract latent features from images; Next,
we present the specific implementation details of the multi-level transformer autoen-
coder with U-Net to reconstruct the features; Finally, we give the loss function and the
evaluation method of anomaly score.
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Fig. 3. Model framework

3.1 Pre-training Network

Due to the different distribution of landslide and non-landslide images in the feature
space, we perform feature extraction through a pre-training network based on CNN,
which can map the original images to the feature space.

We utilize the pre-training Resnet-18 [22] on ImageNet [23]. And the reason we use
Resnet-18 as a pretrained network is because of its simplicity and effectiveness. We not
only use the output features of the last layer, but also connect the features of the middle
three layers along the channel to form feature representations of different levels. Then,
the fused features are taken as the whole image features and put into the multi-level
auto-encoder for reconstruction. The formula is as follows:

2 = FResner18(x) (D

3.2 Multi-level Transformer Network

Compared with the traditional convolutional neural network, the transformer has greater
abilities of the extraction and reconstruction of image features due to its attention mech-
anism. To capture both coarse-grained and fine-grained image features, we use multiple
scale transformer encoders and decoders. In addition, we combine the advantages of
U-Net, the encoder and decoder in the same level use skip connections for information
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transfer. The compression or decompression information of the previous level is sequen-
tially transferred between the encoders and decoders in different levels. The following
is an introduction to the entire transformer encoder and decoder framework.

Multi-Level Transformer Encoder. Consistent with the traditional vision transformer
processing, we convert the feature maps to patches, and add zero padding token and
positional encoding as the input of the transformer encoder. We divide the feature map
of the H x W landslide image into patches with a block size of Py x Pyw, and such
patches have a total of Ng x Nyw blocks. The output of the level-1 encoder includes a
latent head vector and a latent feature vector. The input of the level-2 encoder is the latent
head vector of the level-1 encoder, and the latent feature vector is used as the input of
the level-1 decoder for feature reconstruction. Similar to the level-1 encoder, the level-2
and level-3 encoders also follow this transfer process. The formula of the encoder of the
level-i transformer is as follows,

E(()n), (Egn), ey Eg:)xpi> = Fencoder <Z09 Zgn), ey Z}?Lﬂ) (2)
where zgn) ,j = {1, ..., P; x P;} are the feature vectors after pre-training. E(n), Ej(n), j=
{0, ..., P; x P;} are the output of the level-i encoder. zg is the zero-padding token, i is
the number of levels of the encoder, and # is the number of patches.

Multi-Level Transformer Decoder. The input of the decoder consists of two parts,
one is the latent feature vector from the output of the same level encoder, and the other
is the output of the previous level decoder, which is the latent head vector. In addition,
the output of the decoder is the reconstruction feature for each patch, and they are all
reconstructed into a feature map of H x W shape. The formula of the decoder of the
level-i transformer is as follows,

2?1), cees Eg)xpl = Faecoder (E(()n), EYI), cey Elg’r,l)xP,) 3
where Ej(”), j =1{1,...,P; x P;} are the outputs of the same level encoder using skip

connections, and E(()") is the output from the previous level transformer decoder. 2;") Jj=

{0, ..., P; x P;} are the outputs of the current decoder.

Based on the image features extracted by pre-training, the feature map can be recon-
structed by a symmetric multi-level U-shaped transformer to get the reconstruction error
map Z:

Z=R() “4)

where R(z) represents the multi-level transformer autoencoder network. z is the image
features extracted by the pre-training CNN network.

3.3 Loss Function

The reconstruction loss makes the output features reconstructed from the multi-level
transformer similar to its input image features. Specifically, we calculate the L2 dis-
tance between z and the reconstructed, z, which ensures that our model can reconstruct
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image features contextually similar to non-landslide images in the training phase. The
reconstruction loss is shown below,

Lyee = Eljz — 2”2 &)

3.4 Landslide Detection

Since the reconstruction error can reflect the differences between the landslide and non-
landslide images, we can directly use the reconstruction error as the anomaly score. When
the normalized anomaly score exceeds a predefined threshold, this image is classified as
a landslide image.

S(z) = Ly (2) (6)

N($(z)) = (§(z) — min(S(2)))/(max(S(z)) — min(S(z))) (7

S(z) represents the anomaly scores, and N(S(z)) represents the min-max normaliza-
tion over the whole samples.

Algorithm 1 Multi-level Transformer Autoencoder for Landslide
Detection

Input: image, x = {(x;, y;)}\_,, Iterations, L, threshold,
Initialize /=0, S=0

1. Getz by feeding x into the pre-training network

. while /<L do

3. Sample {(x1, ¥1), ..., (Xm, ym)} from non-landslide and landslide
images

4. Fori=1to3do

5. Split the feature map, z, to patches, P; X P; , and add posi-
tion encoding, then fed into the level-i encoder

6. The latent vectors, e;, is calculated using Equation (2)

7. Fori=3toldo

8. Fed the latent feature vector into the level-i decoder

9. The reconstructed feature map, z; is calculated using Equa-

tion (3)

10. The reconstruction loss is calculated using Equation (5)

11. Calculate the anomaly score, S, using Equations (6) and (7)

12. Classify each image as a landslide image if S >7, otherwise the
non-landslide image.

13. End
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4 Experiment

4.1 Datasets Description

Ji S et al. [12] created an open-source large landslide dataset named the Bijie landslide
dataset. So, we use it to evaluate our model. The dataset consists of satellite optical
images, shapefiles of landslides’ boundaries and digital elevation models which contains
770 landslide images and 2003 non-landslide images. They were cropped from the
TripleSat satellite images. Some image examples of the Bijie landslide dataset are shown
in Fig. 4.

b) Satellite landslide images

Fig. 4. The Bijie landslide dataset

We treat the experiment as a one-classification task to detect landslide images. The
training phase uses only non-landslide images, and the test phase contains both landslide
and non-landslide images. We divide 70% of the 2003 non-landslide images as normal
training data, and the rest of the non-landslide images and landslide images are used
as the test data. Our purpose is to identify landslide images from a wide variety of
landslide and non-landslide images to verify the effectiveness of our method. Details of
the datasets and corresponding data distributions used in our experiments are shown in
Table 1.

4.2 Performance Metrics

We use five metrics to evaluate the model, including AUC, Accuracy, Precision, Recall,
and Fl-score. AUC is the area under the receiver operating characteristic curve. The
other metrics are described and presented as follows.
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Table 1. Details of Bijie dataset

Dataset Training data Testing data
Bijie [12] 1402 non-landslide images 601 non-landslide images and
770 landslide images

Accuracy indicates the ratio of correctly predicting landslide and non-landslide
images in the overall images. The formula is shown as follows,

| TP + TN .
ccuracy =
YT TP+ TN + FP+ FN

Precision indicates the ratio of correctly predicting landslide images in the overall
images. The formula is shown as follows,

- TP
Precision = ———— )
TP + FP
Recall indicates the ratio of correctly predicting landslide images among all landslide
images. The formula is shown as follows,

P
Recall = —— (10)
TP + FN

F1-score is calculated by considering both precision and recall, and is the weighted
average of both. The formula is shown as follows,

2 x Precision x Recall
F1 — score = — (11)
Precision + Recall

where false negative (FN) indicates the number of non-landslide images that were falsely
judged to be landslide images. The false positive (FP) represents the number of land-
slide images that were falsely identified as non-landslide images. The true positive (TP)
represents the number of non-landslide images correctly identified as positive. The true
negative (TN) is the number of landslide images correctly identified as negative.

4.3 Implementation Detail

Before training and testing, we randomly rotate the images by 10 degrees and crop
them to the same size of 256 x 256. The entire network contains three transformer
encoders and decoders, respectively. And the patch size is set as 4. Different from
the original transformer structure, we set the attention layer dimension to 512 and the
feedforward layer dimension to 1024. We used the Adam optimizer to train the multi-
level transformer, and the learning rate is set to 0.0001. The model is trained by 200
epochs, and the batch size is 2. We use U-net as a comparison method, which adopts the
conventional CNN network structure to reconstruct the pre-trained image features. We
conduct our experiments on an NVIDIA RTX 3090 GPU on Pytorch 1.9.1.
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S Result and Discussion

Table 2 shows the results of one-class landslide detection on the Bijie dataset. Compared
to CNN and U-Net as an autoencoder, our multi-level transformer autoencoder model
has a significant improvement in AUC due to the multi-level feature extraction. In addi-
tion, our model has a slight improvement over the U-Net in accuracy, precision, recall,
and Fl-score. Especially, the recall can reach 92.5% on the basis of certain accuracy
performance, which shows that our model can be effectively used for landslide detection.

Table 2. Landslide detection results

Method/Metric AUC Accuracy Precision Recall F1-score
CNN 0.564 0.573 0.544 0.885 0.674
U-Net 0.597 0.602 0.589 0.907 0.726
Our model 0.658 0.622 0.61 0.925 0.735

6 Conclusion

We apply a feature extraction network and a multi-level transformer network to feature
extraction and reconstruction of landslide images to perform landslide detection task.
Based on the U-Net network structure, we built a U-shaped transformer autoencoder,
which can extract and reconstruct image features from both local and global perspectives.
Experiments show that compared with the U-Net model using the traditional convolu-
tional neural network, our model has different degrees of improvement in indicators such
as AUC and F1-score. In addition, our method can reach a higher recall result based on
ensuring a certain precision, which is exceptionally suitable for natural hazard detec-
tion like landslides. This will be of great help in the identification of landslide images
captured by 6G satellites.
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