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Abstract

:

Landslides pose a significant threat to human lives and property, making the development of accurate and reliable landslide prediction methods essential. With the rapid advancement of multi-source remote sensing techniques and machine learning, remote sensing data-driven landslide prediction methods have attracted increasing attention. However, the lack of an effective and efficient paradigm for organizing multi-source remote sensing data and a unified prediction workflow often results in the weak generalization ability of existing prediction models. In this paper, we propose an improved multi-source data-driven landslide prediction method based on a spatio-temporal knowledge graph and machine learning models. By combining a spatio-temporal knowledge graph and machine learning models, we establish a framework that can effectively organize multi-source remote sensing data and generate unified prediction workflows. Our approach considers the environmental similarity between different areas, enabling the selection of the most adaptive machine learning model for predicting landslides in areas with scarce samples. Experimental results show that our method outperforms machine learning methods, achieving an increase in F1 score by 29% and an improvement in processing efficiency by 93%. Furthermore, by comparing the susceptibility maps generated in real scenarios, we found that our workflow can alleviate the problem of poor prediction performance caused by limited data availability in county-level predictions. This method provides new insights into the development of data-driven landslide evaluation methods, particularly in addressing the challenges posed by limited data availability.
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1. Introduction


A landslide is a process in which the soil or rock on a slope falls, dumps, slides, spreads or flows due to the influence of various causative factors [1]. In recent years, landslide hazards have caused serious losses of human life and property, severely constraining economic and social development on a worldwide scale. The scientific and accurate prediction of landslides is thus of primary importance.



The common methods of landslide prediction can be divided into knowledge-driven methods and data-driven methods. Knowledge-driven methods are based on an understanding of the mechanisms of landslide formation for susceptibility prediction. One of the most dominant approaches is to predict landslides by comprehending the physical mechanisms of landslide formation using physical equations and numerical simulation methods. Liu et al. [2] utilize physical modeling and various instruments to study the evolution and instability of a locked segment landslide under rainfall conditions and identify tilting deformation as a standard for landslide instability. Capparelli et al. [3] use a physical model, SUSHI, to simulate the role of subsurface hydrology in rain-induced landslides in Campania, Italy. The model enables a better understanding of rainfall infiltration and suction changes in the triggering mechanism of the phenomena. Additionally, some studies have predicted landslide susceptibility based on empirical or statistical methods that assign weights to each causative factor. Mandal et al. [4] applied the analytical hierarchy process (AHP) using geospatial tools to develop a landslide susceptibility map for the Lish River basin in the eastern Darjiling Himalaya. Akgun et al. [5] also produced landslide susceptibility maps for a landslide-prone area in Findikli District using likelihood frequency ratio (LRM) and weighted linear combination (WLC) models. The results showed that the WLC model performed better. However, knowledge-driven methods heavily rely on professional knowledge, and the results are greatly influenced by human expertise.



To overcome this shortcoming, remote sensing data-driven methods have been proposed for landslide prediction. Supervised machine learning methods are by far the most widely used data-driven approach applied to landslide prediction. Typically, machine learning models use remotely sensed images as the data source to generate landslide inventories [6], and then construct relationships between input and output variables based on these inventories [7]. The most commonly used machine learning methods include Support Vector Machine (SVM), Decision Tree (DT), Random Forest (RF), and Artificial Neural Net (ANN). For example, Chen et al. [8] compared kernel logistic regression and naive-Bayes tree and alternating decision tree models in landslide prediction in Taibai County (China). Tian et al. [9] adopted an artificial neural network (ANN) model to predict landslides in Minxian, China. Marjanović et al. [10] tested different kernel functions of the support vector machine (SVM), selected the most accurate kernel function as model parameters, and carried out landslide susceptibility mapping for Chittagong, Bangladesh. In addition, ensemble methods have been gradually applied to produce landslide susceptibility maps [11]. Pham et al. [12] combined a rotation forest and different machine learning classifiers to produce landslide susceptibility maps of India. Dou et al. [13] used SVM as the base learner to generate four classes of ensemble learning models to predict catastrophic rainfall-induced landslides. Hong et al. [14] used J48 decision tree to construct adaptive boosting (Adaboost), bootstrap aggregating (Bagging) and rotation forest models to conduct a comparative study of landslide susceptibility in Guangchang County, Fuzhou City, and the results showed that the rotation forest model has better spatial prediction. Although machine learning methods can predict landslides and achieve high accuracy, the prediction effectiveness of the model is closely related to the quantity of the dataset in the study area. For example, the study area may have problems such as the low spatial resolution of remote sensing data and noisy historical landslide data, which can result in a scarcity of available data and make it difficult to fit the model.



To date, some methods have addressed the problem of sample scarcity by introducing Adversarial Neural Networks (GANs). For example, Al-Najjar et al. [15] proposed a novel approach using GANs to correct imbalanced landslide datasets. Their research showed that integrating GANs with machine learning models can improve the effectiveness of landslide prediction. However, GANs’ complex training procedures and lack of interpretability may limit their practicality and reliability for landslide prediction in real-world scenarios. Furthermore, some methods have addressed the problem of scarce environmental data by considering the environmental information of multiple regions. For instance, Zhu et al. [16] added an unsupervised representation learning module to form the underlying representations embedded in thematic maps, which improved the model’s accuracy. Ai et al. [17] transferred features from a large dataset region, utilized a pre-trained model, and established a transfer-learning-based susceptibility assessment model to enhance landslide prediction in regions with limited samples. These methods involve multi-source remote sensing data, and as the number of research areas increases, the data scale sharply increases. Therefore, these remote sensing data need to be scientifically integrated and organized in practical applications to meet the requirements of effectiveness and efficiency. Based on well-organized data, it is necessary to establish a unified prediction process to ensure an accurate and fast landslide prediction analysis of the regions of interest according to a standardized procedure. However, existing methods seldom consider the difficulties of organizing environmental big data from multiple sources, which reduces the efficiency of data reuse. Additionally, the lack of a systematic workflow for transfer-learning-based methods leads to the need to establish different models in different fields, reducing the prediction efficiency of machine learning methods.



Knowledge graph is a modeling approach that uses symbols to describe entities, concepts, and relationships in the real world [18,19,20]. It has received increasing attention in recent years. In the domain of geoscience, knowledge graphs are used to obtain spatio-temporal knowledge and geographic knowledge from multi-source remote sensing data and textual data, also known as a spatio-temporal knowledge graph [21,22] or geographic knowledge graph [23,24]. The spatio-temporal knowledge graph is based on the graph structure for unified spatio-temporal data management, intelligent retrieval and inference analysis, which is an effective means to fuse, organize and compute the multi-source data involved in landslide prediction. In this paper, we propose a workflow for landslide prediction based on spatio-temporal knowledge graph, which not only alleviates the problem of landslide sample scarcity but also improves the efficiency of data usage and landslide prediction. On the one hand, the spatio-temporal knowledge graph is used to fuse remote sensing environmental data, models, and datasets that are closely related to landslide prediction, which makes multi-area environmental data under different conditions rapidly available. On the other hand, the applicability of the machine learning model is enhanced by designing semantic reasoning rules in the knowledge graph. The method extends the traditional machine-learning-based landslide prediction method by adding the process of extracting, storing, and analyzing environmental knowledge, which improves the landslide prediction under the condition of sample scarcity.



This paper has the following main contributions: (1) We propose a workflow for landslide susceptibility evaluation combining spatio-temporal knowledge graphs and machine learning model. (2) We propose a method for organizing remote sensing environmental data based on semantic structure, and improve the efficiency of remote sensing data usage by constructing schema. (3) We define inference rules for candidate model selection and environmental similarity analyses to reduce the impact of sample scarcity on landslide prediction results. (4) We incorporate the knowledge of environmental features in the remote sensing data-driven machine learning method to enhance the applicability of the model, and demonstrate the benefits of this method through experiments. In the following, we first explain our proposed workflow and introduce the construction method of spatio-temporal knowledge graph, and the details of predicting landslides using our method in Section 2. Then, the advantages of our method are demonstrated by experiments in Section 3 and the experimental results are analyzed in Section 4. Finally, our study is concluded in Section 5.




2. Materials and Methods


2.1. Workflow for Landslide Prediction


Generally, when using machine learning models for landslide prediction, it is necessary to first define the boundary of the area for landslide prediction. Secondly, data related to landslides, including historical landslide data and environmental data in the area, are collected by means of remote sensing techniques or fieldwork. Based on these data, datasets are created. The dataset contains the environmental features, i.e., causative factors, that need to be input to the model, and the landslide prediction results, i.e., labels, that are output from the model. Then, the parameters of the model are trained based on the dataset. After training, the optimal model is obtained, and the prediction performance is evaluated based on the model. Eventually, the landslide is predicted based on the model.



To improve the effectiveness of landslide prediction in areas with scarce samples, we introduce knowledge graph into the workflow of machine-learning-based landslide prediction. Firstly, as in the general workflow, we define the boundary of the area to be evaluated and collect historical landslide data and environmental data from the area. Secondly, environmental data are structured knowledge and imported into a knowledge graph, i.e., extracting knowledge from environmental data. Then, we evaluate whether the quantity of historical landslide data can support the training of the model. If it can, the subsequent steps are performed following general machine learning methods, including producing the dataset of the area, training the model, and predicting landslides. If the quantity of the historical landslide data cannot support the training of the model, the environmental similarity within the area is analyzed based on the knowledge graph. Finally, the model with the highest similarity to the study area is selected among the candidate models for landslide prediction. Figure 1 shows the difference between the general workflow and the workflow using the knowledge graph.




2.2. Design of Spatio-Temporal Knowledge Graph for Landslide Prediction


In this paper, we use the spatio-temporal knowledge graph to organize remote sensing environmental data, machine learning models and datasets of the study area. The spatio-temporal knowledge graph includes the schema layer and the data layer, as shown in Figure 2.



2.2.1. Schema Layer


The schema of the knowledge graph is used to describe and organize the spatio-temporal data related to landslides and to define the rules for landslide prediction. We implement the schema using ontologies, which include a spatial ontology, a temporal ontology, and a landslide prediction ontology. Each ontology defines classes, properties, and rules. The classes and properties describe the concepts and their relations involved in landslide prediction, while the rules use classes and properties as symbols to describe the process of spatio-temporal analysis and landslide prediction. The structure of the schema, as well as the main ontologies, concepts, and attributes used, are shown in Figure 3.



	
Spatial ontology






The spatial ontology is used to describe the spatial information of geographic objects and is constructed based on the GeoSPARQL ontology [25]. Geocoding rules are designed in the spatial ontology to serve as the location index of the geographic object.



The classes of the spatial ontology mainly introduce two subclasses of geographic objects in the GeoSPQRQL ontology: the feature class and the geometry class. The spatial terms defined based on the feature and geometry classes can be helpful in modeling geospatial data.



The properties of the spatial ontology mainly define the topological spatial relations between geographic objects, as well as the geometry literal [26], which is the serialization standard used when generating geometry descriptions and the supported geometry types. In addition, the properties of the spatial ontology also include Metric [26], which are scalar spatial properties that describe the geographic object. The main rule of the spatial ontology includes basic ontology constraints for class and property, such as constraints on hierarchical relationships between classes and constraints on property values. The core rule includes rules defined in the GeoSPARQL ontology, such as the query transformation rule for computing spatial relations between geographic objects based on their geometries [25].



In addition, indexable location information helps to improve the efficiency of spatial analysis. However, remote sensing data describe spatial information with latitude and longitude coordinates, which cannot be objectified and indexed. To solve this problem, we designed a geographic tile-based spatial indexing rule, i.e., geocode. Figure 4 illustrates an example of geocoding.



Geocode converts the coordinate properties of geographic objects into tile-coded entities according to the Web Mercator rules [27], i.e., the tile number of the Web Mercator coordinate system is used, instead of the latitude and longitude coordinate system, as the unit to describe the location of the geographic entity. Each tile number consists of the horizontal coordinates, vertical coordinates and zoom level of the tile. The conversion rules are as follows:


  x =   l o n + 180  360  ·  2 z   



(1)






   y =  ( 1 −   ln ( tan  (  l a t  ·  π 180  )  +  1  cos (  l a t  ·  π 180  )   )  π  )  ·  2  z − 1     



(2)




where   l o n   and   l a t   denote the entered longitude coordinate and the entered latitude coordinate, x denotes the tile horizontal coordinate after conversion, y denotes the vertical coordinate after conversion, z denotes the zoom level of the tile. Each tile in the geocode represents a set of latitude and longitude coordinates, and tiles with different zoom levels contain different amounts of latitude and longitude coordinates. The higher the zoom level, the fewer the number of latitude and longitude coordinates in a tile, and the more accurate the spatial description of the geographic object.



	
Temporal ontology






The temporal ontology is used to describe the temporal information of geographic objects, and we construct it based on the OWL-Time ontology [28].



The classes of the temporal ontology mainly define the instant and interval to describe the temporal position and duration of the geographic object. The properties of the temporal ontology mainly define the topological temporal relations between geographic objects, such as “meets”, “overlaps” and “during”, developed by Allen [29]. The temporal ontology also defines the Date–Time Literal, which is a serialization standard describing time. Similar to the spatial ontology, the main rule of the temporal ontology includes basic ontology constraints for classes and properties. Additionally, the main rule includes rules defined in the OWL-Time ontology. For example, OWL-Time defines time analysis rules for computing temporal relations between geographic objects based on their time instant and time interval [28].



	
Landslide prediction ontology






The Landslide Prediction Ontology is used to describe the concepts needed for landslide prediction, the relations between concepts, and the reasoning process of landslide prediction.



The classes of the ontology define concepts that describe the landslide situation, such as the severity of the landslide and the phase it is in. Since the environment is the root cause of landslides, the classes also define concepts describing the environment, including the natural environment and the social environment. Additionally, concepts related to machine learning are defined in the classes, such as vocabulary to describe the features of models and datasets. Furthermore, the process of landslide prediction is divided into several events and actions; hence, we also need to define the events and actions involved in landslide prediction in the Landslide Prediction Ontology. For example, when selecting the best model for an area, candidate models are described in the ontology by defining classes.



The properties of the ontology mainly define the relations among landslides, the environment, and machine learning methods, such as describing which environmental factors are causative factors for landslides and which causative factors are used as features of the dataset. The Landslide Prediction Ontology also defines the relations between events and actions in the landslide prediction process. For example, when the environmental similarity between areas is calculated, the result triggers the action of model selection. The relation of this “trigger” is described as a property.



The main rule of the ontology includes basic ontology constraints for class and property. Meanwhile, based on the classes and properties of the Landslide Prediction Ontology, we use the production representation to define a series of rules to describe the process of remote sensing data-driven landslide prediction. This includes the calculation method of environmental similarity, the process of model selection, and the process of landslide prediction.




2.2.2. Data Layer


The data layer consists of subject–predicate–object (SPO) triples, where subjects and objects represent entities in the knowledge graph, and predicates denote the edges connecting them. The raw data include three types of independent data: environmental data, area-based dataset, and candidate model.



	
Environmental Data: Environmental data record the causative factors of landslides in the area, with each type of environmental data corresponding to a specific causative factor. We extract both the environmental data and the environmental features in the area to generate SPO triples, which are used as the basis for analyzing environmental similarities between areas.



	
Area-based Dataset: Area-based dataset refers to the dataset used for model training in specific areas. During the knowledge extraction process, we extract instances of dataset features to generate SPO triples. The features of the dataset include the number of samples, the sample area, and the statistical parameters of the causative factors contained in the samples.



	
Candidate Model: Candidate model is the model trained based on the area-based dataset. We extract instances of model features to generate SPO triples, which include the name of the model, the address of the parameters, and the name of the samples used for model training.






After generating SPO triples in the data layer, the schema layer relates and organizes these triples to form knowledge that is useful in landslide prediction.





2.3. Landslide Prediction Using Spatio-Temporal Knowledge Graph


2.3.1. Knowledge Extraction and Storage


When processing environmental data, it is essential to extract and store knowledge while constructing a knowledge graph. After preprocessing the remote sensing monitoring data, they pass through the steps designed to generate knowledge. Simultaneously, data associated with the dataset and the machine learning model are produced by utilizing knowledge, and these data undergo a series of steps to generate corresponding knowledge that helps optimize the results of landslide prediction. The process of transforming data into knowledge is depicted in Figure 5.



	
Data preprocessing






Remote sensing monitoring data quantify environmental elements by assigning a value to each pixel, such as the elevation in DEM data. Since knowledge in a knowledge graph is based on object representation, we convert discrete features in remote sensing data into attributes in objects. The GeoJSON file uses a feature object-based storage mode, which is more conducive to knowledge graph reading than remote sensing data. We preprocess the data and convert the original multi-source remote sensing data into a GeoJSON file that describes the distribution of environmental elements in the study area. After generating the GeoJSON file, we classify adjacent pixels in the remote sensing data with the same environmental element value into the same feature object.



Typically, remote sensing monitoring data of different environmental elements have different spatial ranges. Therefore, in the data preprocessing stage, we need to crop the original remote sensing data to obtain the remote sensing data within the spatial range of the research area. Additionally, remote sensing data from different sources may use different projected coordinate systems, so we must convert multi-source remote sensing data into the same projected coordinate system. We also scale the raster values, which may be decimal, to an integer by multiplying and rounding them. Finally, we generate a GeoJSON file by converting the raster data into vector data and then converting the vector data into the GeoJSON format. During the conversion process, we ensure that the original raster value is restored. The entire process can be automated using the GDAL library [30].



	
Knowledge production






After data preprocessing, a GeoJSON file is generated, followed by the process of knowledge production. First, geocoding is calculated based on the spatial information of each object in the GeoJSON file. Next, SPO triples are generated to describe geographic entity attributes based on the GeoJSON file. The objects in the GeoJSON file correspond to the subjects in the SPO triples, the keys of the object properties correspond to the predicates in the SPO triples, and the values of the object properties correspond to the objects in the SPO triples. In this process, geocoding is also generated as an attribute of geographic entities in the form of SPO triples.



Next, we import the generated SPO triples into the knowledge graph. If the SPO triples are imported for the first time, the ontology needs to be created according to the ontology structure in the schema layer we designed. Spatial ontology and temporal ontology can be directly used as basic ontologies. For the landslide prediction ontology, we use Protégé [31] to define the Class, property, and rule in the ontology. Protégé is a tool that helps users quickly create and edit ontologies. The landslide prediction ontology edited with Protégé can be directly imported into the knowledge graph. In this paper, Virtuoso [32] is used to store ontologies and SPO triples. After importing the ontology and SPO triples, we map the SPO triples of the data layer and the ontology of the schema layer to generate semantic associations between data features to produce knowledge.



	
Knowledge usage






During the process of knowledge usage, additional structured data related to the dataset and the machine learning model are generated, which also need to be extracted and stored in the knowledge graph. We extract instances of features from the dataset and the model, and write them into a GeoJSON file. The description objects of the dataset and the model are areas, and the characteristics of the dataset and the model in different areas are different. In the GeoJSON file, an area is defined as a feature object. The geometry of the feature describes the location of this area, and the properties of the feature represent the instance of the dataset feature and the model feature. After generating the GeoJSON file, we follow the steps of knowledge production to generate and import SPO triples. We map the SPO triples to schema layer ontologies to produce knowledge related to domain models and datasets.




2.3.2. Semantic Reasoning


Semantic reasoning is based on the production representation and recommends models for areas with sparse samples while following the main rule in the schema. It consists of two phases, similarity analysis and candidate model selection, each with several production rules. The general reasoning program automatically performs semantic reasoning as shown in Figure 6. A rule is triggered by an event object, and the corresponding action function is executed to generate a result based on the defined action object. The generated result then triggers the execution of other rules in the rule set until the phase is complete. Figure 7 shows the template defining this process.



The Jaccard index is used to evaluate the similarity of the environment between the area. The equation is as follows:


  J  ( A , B )  =   | A ∩ B |   | A | + | B | − | A ∩ B |    



(3)




where A and B denote the environmental feature collection of area A and area B, and the larger the Jaccard index, the more similar the environment of the two areas.



The Jaccard index essentially compares the number of environmental features that are similar between areas. For discrete environmental features, the mode of the feature values within the area is taken as the environmental feature value representing that area. If the environmental feature values representing two areas are equal, then this environmental feature is considered similar in the two areas. For continuous environmental features, the average of the feature values within the area is taken as the environmental feature value representing that area. For area A and area B, the similarity of the environmental features in the two areas is determined according to the following equation:


  i s S i m i l a r =      Y e s   |  F A  −  F B  |  ≤    F  m a x   −  F  m i n      N A  +  N B          N o   |  F A  −  F B  |  >    F  m a x   −  F  m i n      N A  +  N B          



(4)




where   F A   and   F B   denote the environmental feature values representing area A and area B,   F  m a x    and   F  m i n    denote the maximum and minimum values that can be obtained for the environmental feature,   N A   denotes the number of the values of this feature in area A, and   N B   denotes the number of the values of this feature in area B.



The statistical parameters calculated by the similarity analysis are stored as properties in the triples generated from the area-based dataset. When predicting landslides in study areas with sparse samples, the statistical parameters of the study area are first calculated. Then, a similarity analysis is performed based on the statistical parameters. Eventually, the area with the most similar environmental features to the study area is selected from the knowledge graph, and the model trained from the dataset of that area is obtained through a semantic query, i.e., the process of candidate model selection.






3. Experiment and Result


3.1. Study Area


We obtained historical landslide data for China from the Global Landslide Catalog [33]. China is one of the countries in the world with the highest frequency of landslide hazards, posing threats to both the ecological environment and the safety of people and their property. Furthermore, China is situated at the intersection of continental plates, and its mountainous areas account for nearly 70% of the land area, with a highly undulating terrain that provides natural conditions for landslides to occur.



To demonstrate the effectiveness of our method, we applied the DBSCAN algorithm [34] to cluster landslide points based on their spatial locations. Landslide points belonging to the same category are indicated in the same area, resulting in four simulated study areas, denoted as area 1, area 2, area 3, and area 4. Among them, area 3 and area 4 have the smallest sample sizes and can be simulated as sample scarcity cases. Then, environmental data were collected as causative factors for the training of machine learning models. Table 1 shows the sources and details of the experimental data, and Figure 8 depicts the process of obtaining samples from the experimental data for the four areas.



Additionally, although the selected simulated area can demonstrate the advantages of our method in terms of effectiveness, it is difficult to show the actual prediction results because the simulated area does not have clear boundaries. Therefore, we validated the practical effectiveness of our method using landslide data from Xiji County, located in the southern part of Ningxia Province, China. Xiji County has an area of approximately 1581.5 square kilometers, ranging from 35°35   ′   to 36°14   ′   north latitude and 105°20   ′   to 106°04   ′   east longitude. We obtained 82 landslide events, which mainly occurred in areas with broken topography and narrow ridges. We used the environmental data in Table 1 to create samples, but due to the scarcity of samples, it is difficult for conventional machine learning methods to make accurate predictions. The distribution of landslide points and the boundary of Xiji County are shown in the Figure 9.




3.2. Machine Learning Model


The performance of four methods, SVM [43], RF [44], KNN [45], and GCF [46], was compared based on landslide prediction research. To assess the landslide prediction, the landslide and non-landslide samples are both randomly divided into two parts: samples for model training and samples for performance testing.



	
Support Vector Machine: The SVM algorithm is a supervised learning binomial classifier based on the risk minimization principle of structured architecture. It can accurately deal with complex nonlinear boundary models.



	
Random Forest: The RF algorithm is a combination algorithm based on the classification and regression tree (CART) proposed by Breiman. By randomly selecting k samples from the training set and putting them back into the ground, a decision tree corresponding to the training samples is generated; thus, a random forest composed of k decision trees is generated. According to the prediction result of each tree, the final prediction result is obtained according to the category with the most votes.



	
K-Nearest Neighbors: The KNN algorithm is a supervised machine learning classification algorithm. In the K-nearest neighbor method, the K value and distance measure are determined in advance, and the training set and test set are prepared in advance. Through the training set, the feature space is divided into subspaces, and every sample in the training set occupies a part of a space.



	
Multigraded Cascade Forest: The GCF algorithm is a supervised ensemble learning method that combines the theory of random forests and a deep neural network. The GCF is composed of a multilevel random forest model, and each level of the random forest model contains many different types of random forests. This multilevel and multidimensional random forest processes the probabilistic eigenvector of the input data, and can effectively enhance the performance of the prediction algorithm for the input data and help to improve the prediction accuracy. Each stage uses the output of the upper stage and the original probability feature vector as its input; that is, it uses the feature information after the upper stage is processed, combined with the original probability feature vector. The new information is processed at this level and passed on to the next level.







3.3. Metrics


The process of landslide prediction based on machine learning is a binary classification process for landslide and non-landslide points. Several measures, including precision, recall and the F1 index, are employed to evaluate the overall landslide prediction accuracy for model comparisons. The equations of precision, recall, and F1 index are shown below:


  P r e c i s i o n =   T P   T P + F N    



(5)






  R e c a l l =   T P   T P + F P    



(6)






   F 1  =   2 P r e c i s i o n R e c a l l   P r e c i s i o n + R e c a l l    



(7)




where   T P   denotes the number of true positives predicted as being in the positive category;   T N   denotes the number of true negatives predicted as negatives;   F P   denotes the number of true negatives predicted as positives;   F N   denotes the number of true positives predicted as negatives.



Additionally, the Receiver Operating Characteristic (ROC) curve and the Area Under the Curve (AUC) are used to evaluate the results. The horizontal and vertical axes of the ROC curve represent the false positive (FP) rate and true positive (TP) rate, respectively. The AUC is the area under the ROC curve. When the AUC exceeds 0.5, the model is considered to have positive discriminative ability. A higher AUC value, closer to 1, indicates a better predictive performance.




3.4. Experimental Results


3.4.1. Effectiveness of the Method


Table 2 presents a summary of the results obtained from predicting landslides in four areas using different candidate models. Initially, existing samples of each area were used to predict landslides, and candidate models numbered 1, 2, 3, and 4 were obtained from the training samples of areas 1, 2, 3, and 4, respectively. It was observed that models in areas with sparse samples were generally difficult to fit or had a poor performance after dividing the training and test sets. To address this issue, the environmental similarity (Jaccard Index) between sample-sufficient areas and sample-scarce areas was calculated based on the spatio-temporal knowledge graph’s reasoning rules, and candidate models were selected for landslide prediction. When predicting landslides for area pairs with similar environmental features, using model 2 to predict the landslide of area 3, for instance, reduced the issue of sample scarcity in the prediction process for area 3. It was also noted that a larger Jaccard Index indicated that the environmental features of the two areas were more similar, and the model performed better. In terms of selecting model types, SVM and GCF showed better prediction performance for area 3, while KNN and GCF performed better for area 4. Table 3 presents the optimal performance achieved by predicting sample-sparse areas using the general workflow and the workflow incorporating knowledge graph, while Figure 10 displays the corresponding ROC curves. It is evident that incorporating the knowledge graph into the workflow enhances the predictive capability for sample-scarcity areas. However, it should be noted that the number of candidate models and the limitations of model training knowledge still leave room for improvements in the AUC.



Moreover, we implemented two workflows for landslide prediction using machine learning. In areas with limited samples, the general workflow involves more manual steps. On the other hand, the workflow based on the knowledge graph offers the advantages of automation and faster computation. Table 4 provides a comparison of the two workflows.




3.4.2. Validation in Xiji


To further demonstrate the effectiveness of this method in real-world scenarios, we applied the knowledge graph-based workflow to produce a landslide susceptibility map in Xiji County. Our approach has shown promising results in preliminary studies and we sought to validate it in a practical setting. We first collected environmental data from Xiji County from the sources listed in Table 1. Next, we extracted knowledge from the data and stored it in the knowledge graph, following the data processing process outlined in Figure 5. The knowledge graph performed semantic reasoning to predict landslides, using similarity analysis and candidate model selection as detailed in Section 2.3.2. Based on Equations (3) and (4), the Jaccard index of Area 1 and Xiji is 0.6, and the Jaccard index of Area 2 and Xiji is 0.3. Therefore, the knowledge graph selected the model produced by Area 1 from the candidate models to generate the landslide susceptibility map. Among the candidate models, RF produced the best results for predicting landslide susceptibility in Xiji, with 100 trees in the forest, a minimum of 2 samples required to split an internal node, and a ratio of positive to negative samples of 1.7.



In addition, we followed the general machine learning method shown in Figure 1 to generate the susceptibility map and compared it with our method. The results are presented in Figure 11. Compared to the real landslide sites, the general machine learning method was unable to accurately evaluate the spatial distribution of susceptibility in Xiji County due to the lack of dataset. On the other hand, the method using the knowledge graph workflow mitigated the effect of sample scarcity on the results.






4. Discussion


In our experiments, we conducted both an effectiveness validation and a validation based on real scenarios. For the effectiveness validation, we divided the landslide dataset into four areas, including two sample-sufficient areas and two sample-scarce areas. We then used our proposed knowledge-graph-based method and general machine learning methods to predict the sample-scarce areas. Our method demonstrated several advantages over general machine learning methods, including better precision due to the use of similarity reasoning rules and environmental features stored in the spatio-temporal knowledge graph. The similarity analysis method we designed quantifies the similarity of geographical features, which improves prediction accuracy, as shown in our experiments. Additionally, the knowledge graph accelerated the prediction process by using automatic semantic reasoning rules and the storage advantages of the graph structure, providing a speed advantage over other methods.



Furthermore, for validation based on real scenarios in Xiji County, we further compared the effectiveness of our workflow and a general machine learning workflow to draw susceptibility maps. Our study demonstrated that the proposed workflow can mitigate the problem of poor prediction in sample-scarce areas. Among the candidate models, Random Forest performed the best, likely due to its ability to handle high-dimensional variables without variable deletion and reduce overfitting through the use of multiple trees, substitution methods, and random subset selection to split nodes.



However, it is important to acknowledge that our proposed method has limitations. Firstly, it is sensitive to prediction size, and larger study areas may require longer processing times and more storage space. Secondly, while our method shows promising results, the precision still needs improvement in real scenarios, which may be achieved by using higher-resolution environmental remote sensing data and more comprehensive landslide point records. Lastly, in future experiments, specific model training techniques could be incorporated as knowledge in the knowledge graph to standardize the comparison criteria, and the design of inference rules for model training should be carefully considered.




5. Conclusions


Data-driven methods usually require a sufficient number of samples to train the models. In areas where samples are limited, some studies employed prediction methods based on transfer learning or GANs. However, these methods face challenges in organizing multi-source remote sensing data or face difficulties training, making the munsuitable for disaster scenarios that require real-time prediction. Moreover, the lack of a systematic prediction process and the low level of automation in prediction resulted in low prediction efficiency for landslides. In this paper, we propose a novel approach to improve the performance of remote sensing data-driven landslide prediction, which makes the following main contributions:




	
This paper proposes an efficient method for disaster analysis in the field of geohazard management by combining knowledge-driven and data-driven approaches.



	
The problem of data-driven methods being over-sensitive to data is alleviated by semantic modeling and knowledge fusion.



	
A novel paradigm is defined for the standardized integration of multi-source remote sensing resources, which helps to share and reuse formalized remote sensing resources and demonstrates the potential of spatio-temporal knowledge graphs in the field of remote sensing.








In future research, we will strive to improve the generalization ability of spatio-temporal knowledge graph. On the one hand, we should define the inference rules for machine learning training strategies in the spatio-temporal knowledge graph to improve the prediction accuracy of candidate models. We will also attempt to integrate other data-driven methods, such as representation learning. On the other hand, we will incorporate more disaster knowledge, such as exposure factors and other geological disaster concepts, into the model to assess the comprehensive risk of geological disasters. Additionally, we will pay more attention to the interpretability of landslide prediction methods. By leveraging the structural advantages of knowledge graph, modeling landslide disaster environments based on multi-source remote sensing data helps to explain the inherent features between causative factors and positively contributes to the prediction results of landslides.
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Figure 1. Landslide prediction workflow using machine learning (left), and additional steps for improvement using the spatio-temporal knowledge graph (right). 
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Figure 2. The structure of the spatio-temporal knowledge graph for Landslide Prediction. 
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Figure 3. Schema structure, including the division of ontology, main concepts and attributes. 
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Figure 4. An example of a spatial description of a geographic object (landslide point), converting the coordinate property of the geographic object to a geocode property (Tile5536) so that the spatial information of the geographic object can be indexed. 
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Figure 5. The process of producing knowledge from data in the knowledge graph approach. 
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Figure 6. General reasoning program for semantic reasoning in each phase. 
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Figure 7. Template for completing phase reasoning from multiple events, and three types of rules, including one event triggering one action, event combination triggering one action, and one event triggering action combination. 
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Figure 8. Template for completing phase reasoning from multiple events, and three types of rules, including one event triggering one action, event combination triggering one action, and one event triggering action combination. 
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Figure 9. Information of the Study Area: Xiji County. 
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Figure 10. Comparison of Receiver Operating Characteristic Curves between General Workflow and Workflow Using Knowledge Graph in Area 3 and Area 4. 
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Figure 11. Comparison of Landslide Susceptibility Maps Produced by General Workflow and Workflow Using Knowledge Graph for Xiji Landslide. 






Figure 11. Comparison of Landslide Susceptibility Maps Produced by General Workflow and Workflow Using Knowledge Graph for Xiji Landslide.



[image: Remotesensing 15 02126 g011]







[image: Table] 





Table 1. Sources and details of experimental data.
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	Type
	Source
	Spatial Resolution
	Temporal Resolution
	Acquisition Method or Sensor Used





	Landslide
	NASA Global Landslide Catalog [33]
	Nationwide vector data
	Acquired 1915–2021
	Crowdsourcing



	Terrain
	Shuttle Radar Topography Mission DEM [35]
	30 m × 30 m
	Acquired 11–22 February 2000
	STS Endeavour OV-105, SIR-C/X-SAR



	Precipitation
	Annual spatial interpolation dataset of Chinese meteorological elements [36]
	1 km × 1 km
	Update annual
	Multi-element weather station



	Lithology
	Global Lithological Map [37]
	0.5° × 0.5°; Rasterized at 250 m resolution
	Released 2014
	Assembled from existing regional geological maps



	Landform
	Global Landform classification from ESDAC [38]
	500 m × 500 m
	Released 2008
	Applied two algorithms [39,40] on global DEM datasets



	Land Cover
	Landsat-derived annual land cover product of China [41]
	30 m × 30 m
	Update annual
	Landsat



	Road
	OpenStreetMap [42]
	Nationwide vector data
	Update daily
	Crowdsourcing



	Normalized Difference Vegetation Index (NDVI)
	China Annual NDVI Spatial Distribution Dataset [36]
	1 km × 1 km
	Update annual
	SPOT/VEGETATION
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Table 2. Results of using candidate models to predict landslide in different areas, including predictions for regular areas and predictions for scarce areas with similar environments.
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Area Number

	
Model Number

	
Jaccard Index

	
Precision

	
Recall

	
    F 1    




	

	

	

	
SVM

	
RF

	
KNN

	
GCF

	
SVM

	
RF

	
KNN

	
GCF

	
SVM

	
RF

	
KNN

	
GCF






	
1

	
1

	
-

	
0.61

	
0.66

	
0.63

	
0.75

	
0.60

	
0.60

	
0.63

	
0.60

	
0.60

	
0.63

	
0.63

	
0.67




	
2

	
2

	
-

	
0.66

	
0.73

	
0.63

	
0.78

	
0.60

	
0.62

	
0.61

	
0.60

	
0.63

	
0.67

	
0.62

	
0.68




	
3

	
3

	
-

	
0.34

	
0.33

	
0.46

	
0.38

	
0.34

	
0.42

	
0.40

	
0.45

	
0.34

	
0.38

	
0.43

	
0.41




	
4

	
4

	
-

	
0.52

	
0.52

	
0.48

	
0.52

	
0.50

	
0.52

	
0.42

	
0.53

	
0.51

	
0.52

	
0.45

	
0.52




	
3

	
1

	
0.2

	
0.52

	
0.54

	
0.78

	
0.61

	
0.52

	
0.55

	
0.53

	
0.57

	
0.52

	
0.54

	
0.63

	
0.59




	
3

	
2

	
0.6

	
0.86

	
0.67

	
0.58

	
0.85

	
0.62

	
0.62

	
0.60

	
0.60

	
0.72

	
0.64

	
0.59

	
0.70




	
4

	
1

	
0.6

	
0.61

	
0.60

	
0.81

	
0.72

	
0.56

	
0.61

	
0.57

	
0.60

	
0.58

	
0.60

	
0.67

	
0.65




	
4

	
2

	
0.5

	
0.58

	
0.63

	
0.58

	
0.67

	
0.58

	
0.60

	
0.58

	
0.61

	
0.58

	
0.61

	
0.58

	
0.64
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Table 3. Predicted performance of sample scarcity areas.
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	Sample Scarcity Area Number
	   F 1    of General Workflow
	   F 1    of Workflow Using Knowledge Graph





	3
	0.43 (Sample size too small to fit)
	0.72



	4
	0.52
	0.67
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Table 4. Effectiveness comparison of general workflow and workflow with additional knowledge graph steps.
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	Workflow
	Tools
	Manual Steps
	Calculation Time





	General workflow
	ArcGIS, Anaconda platform, Scikit-Learn package
	
	
Collect, load and crop the data required for the study area.



	
Unify the data scale and grid the raster data.



	
Extract data features using raster calculation tools to generate datasets.



	
Train and test the model.



	
Calculation and find similar feature areas, and transfer the model to sample scarcity areas.



	
Eliminate outliers and obtain disaster prediction results.



	
Bridging process between automation steps.





	17.5 accumulated hours



	Workflow with additional knowledge graph steps
	Virtuoso database, Anaconda platform, Scikit-Learn package
	
	
Collect the missing data of the study area in the knowledge graph.



	
Train the candidate models.



	
Design reasoning rules.



	
Bridging process between automation steps.





	1.2 hours
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