Landslide detection from remote sensing imagery using SPP-PCANet
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1. Introduction

Landslides are complex geological phenomena that can cause serious damage to the natural
environment and may result in a large number of casualties and property losses. Conducting timely
landslide detection is of great significance for the coordination of rapid disaster response actions.
Although field works can obtain precise landslide distribution maps, such surveys are still time-
consuming and labor-intensive. In recent years, with the development of remote sensing technology
and computer vision, remote sensing images have been widely used as an ideal tool for geological
disaster investigation. Moreover, the increasing maturity of machine learning, especially deep learning,
which can mine deeper image features, thus providing a more robust analysis of post-disaster remote
sensing images. However, deep neural networks applied in landslide detection are still in their infancy,

and there is much room to improve landslide detection algorithms (Ghorbanzadeh et al., 2019).

Objectives of this study are: (1) to propose and implement a new method for landslide detection using
post-disaster remote sensing imagery based on the Spatial Pyramid Pooling Principal Component
Analysis Network (SPP-PCANet) algorithm and in combination with a simple linear SVM classifier;
(2) to determine the appropriate hyperparameters of the SPP-PCANet algorithm and evaluate the
performance of the proposed method with multiple sets of sliding window sizes and morphological
image processing thresholds; and (3) to further evaluate the performance by comparing the detection
results from the proposed method with those obtained from three other state-of-the-art feature
descriptors, i.e., HOG (Histograms of Oriented Gradients), LBP (Local Binary Patterns), and SIFT
(Scale-Invariant Feature Transform). Two training zones and three typical test zones with different
landslide densities located in the eastern Iburi region, Hokkaido, Japan, were selected to evaluate the

detection performance of the proposed method.

2. Data and proposed methods

Two datasets were prepared for this study. One is the sample dataset constructed by manually selecting
and labeling samples (including 2700 landslide samples and 1170 non-landslide samples) from the
RGB ortho-photographs of two training zones provided by the Geospatial Information Authority of
Japan (GSI). The other is post-disaster remote sensing images of three test zones downloaded from the
Google Earth website for performing landslide detection. The sample dataset was divided into two
parts: the training sample dataset for feature extraction and feature learning, and the test sample dataset

for hyperparameter optimization. Besides, the ground truth data obtained through binarize the landslide



distribution map officially published by GSI.

The proposed methodology used the SPP-PCANet algorithm to extract image features for SVM
classifier training. In this step, the main hyperparameters of SPP-PCANet were continuously optimized
through the feedback from the classification results of the test samples. Then combined the trained
classifiers with the sliding window technique to perform landslide detection testing on image datasets.
Notably, the problem of the limitation of sliding window sizes was solved by combining the SPP layer

with the PCANet algorithm (Chan et al., 2015), thus to optimize the detection results.

3. Results and discussion

Like other mainstream convolutional networks, SPP-PCANet also requires parameter tuning. However,
the proposed method requires few hyperparameters and does not require some ad hoc tricks for
parameter tuning. Multiple sets of sliding window sizes and morphological image processing
thresholds were considered for the landslide detection experiments in each test zone. Comparison of
three test zones indicates for different scenes, landslide shapes that reflect the complexity of the

environment in each zone affect the appropriate parameter settings and overall detection performance.

With the same settings of sliding window size (16 X 16 pixels) and the morphological processing
threshold (50 units), the detection accuracy of the method based on SPP-PCANet in three test zones
achieved 89.43%, 96.35%, and 92.68%, respectively, which are higher than the accuracy values
obtained by methods based on HOG, LBP, and SIFT. The landslide detection results also show that
four methods have obtained relatively stable recall values in all three test zones, but the other three
methods yield abnormally low values of precision values. The reason for this anomaly may be because
their models were over-fitted with an insufficient number of training samples. The results of the
method comparison indicate that even with a small training sample data set, the proposed method is

still sufficiently robust to obtain considerable landslide detection performance.

Overall, this study has attempted to use an SPP-PCANet based method to realize rapid landslide
detection after a disaster. Although users still need to adjust the parameter settings according to the
conditions of the test zone to obtain more accurate landslide detection results, once the appropriate
related parameters are set, the trained classifier no need for human supervision. It represents that the
proposed method has great potential in dealing with massive remote sensing imagery. For future work,
it could be considered to construct multiple training sample data sets for further studies on detecting

different types of geological disasters.
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