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Abstract: Over the years, the field of landslide disaster research has amassed a wealth of data
and specialized knowledge. However, these resources originate from a wide array of sources and
often feature complex data structures, highlighting a persistent lack of methods to integrate multi-
source, heterogeneous data. Traditional landslide monitoring methods typically focus on singular
monitoring targets and data sources, which limits a comprehensive understanding of the complex
processes involved in landslides. This paper introduces a landslide monitoring model based on
a knowledge graph. This model employs P-Tuning to fine-tune ChatGLM2 for the extraction of
triples. Differential INSAR (D-InSAR) is utilized to extract ground deformation data, which is then
integrated with the knowledge graph for landslide monitoring and analysis. This study focuses on
the co-seismic landslide in Jishishan, Gansu, China. By analyzing the landslide knowledge graph and
the spatiotemporal deformation map, the results are as follows: (1) For this event, 106 entities and
attributes were constructed, along with two recommended calculation routes. (2) The deformation at
the earthquake’s central region reached up to 8.784 cm, with a slightly smaller deformation zone to
the northwest peaking at 9.662 cm. Significant unilateral subsidence was observed in the mountain
range to the southwest. (3) The area affected by the co-seismic landslide primarily includes farmland
and villages, covering an area of 0.3408 square kilometers. (4) Analysis based on the knowledge
graph indicates that this landslide was primarily caused by the rapid liquefaction of water-saturated
soil layers due to the earthquake, resulting in instability. This study contributes to the analysis of
post-disaster losses, attribution, and impacts.

Keywords: multi-source heterogeneous data; expert knowledge formalization; spatio-temporal
knowledge inference; disaster monitoring

1. Introduction

Over the past few decades, the frequency and complexity of natural disasters have
continuously increased [1-3], due to global climate change [4] and environmental degrada-
tion [5-7], posing severe challenges to human societies. Significant catastrophic events, such
as the Wenchuan earthquake, the Southern snow disaster, and the Beijing “7.21” torrential
rain, have not only caused substantial economic losses but have also severely impacted the
safety and quality of life of the people [8-10]. According to the Global Landslide Database,
between 2007 and 2013, landslides resulted in the deaths of over 20,500 individuals across
1827 events [11]. Against this backdrop, disaster management and emergency response
have become pressing issues of concern [12].

Landslides, in particular, occur frequently in China, ranking among the highest glob-
ally [13]. Their complex mechanisms, sudden onset, and unpredictable spatio-temporal
characteristics make them a significant hazard, posing a serious threat to lives and property.
A landslide refers to the downhill movement of earth and rock masses along a defined
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sliding surface under gravity. As one of the major natural hazards, landslides cause sig-
nificant direct and indirect property damage annually [14]. In China, landslide disasters
have resulted in a total death toll exceeding 5000 people, with annual economic losses
estimated at 500 million yuan due to landslides [15]. To effectively address the challenges
posed by landslide disasters, academia and the practical fields have conducted extensive re-
search aimed at exploring the intrinsic patterns, evolutionary mechanisms, and emergency
management strategies of landslide disasters. In recent years, the rapid development of in-
formation technology, especially the widespread application of emerging technologies such
as artificial intelligence, big data, cloud computing, knowledge graphs, and geographic
information systems, has provided new ideas and tools for landslide disaster manage-
ment [16-18]. Among various technologies, knowledge graphs have demonstrated great
potential in handling and analyzing complex data [19,20]. Decision-makers or researchers
faced with vast knowledge bases often struggle to quickly extract and analyze relevant
information. Knowledge graphs transform data into interconnected knowledge entities
and relationships, offering an intuitive and efficient way to organize and browse informa-
tion [21,22], significantly enhancing the efficiency of information retrieval and knowledge
mining [23,24]. The construction of knowledge graphs is based on vast amounts of knowl-
edge data [25]. These data sources, such as weather reports, geographic information, social
media updates, satellite images, and historical disaster records, pose considerable chal-
lenges due to their heterogeneity, inconsistency, and incompleteness [26,27]. Although
previous studies have aimed to address the heterogeneity issues among various disaster
data [28,29], they are limited by the scope of data studied, making it difficult to match
new data sources to existing rules. The timeliness of obtaining and utilizing key data or
resources related to landslide risk remains a challenge. Knowledge graphs use entities
and relationships to connect and structurally store massive amounts of heterogeneous
data, enabling deep analysis by understanding and representing the semantic connections
between data [30,31].

An essential part of constructing a knowledge graph is the extraction of entities and re-
lationships. The multi-source nature of landslide disaster data makes relationship extraction
and modeling particularly challenging. Traditional extraction methods often utilize pattern
matching and dependency parsing [32]. These methods rely on strict grammatical rules and
prior knowledge, yet the data associated with landslide incidents often comes from diverse
sources such as social media, news reports, and official announcements, which can vary
significantly in format and style. Traditional methods, dependent on strict grammatical
rules and prior knowledge, typically perform poorly with this diverse and unstructured
text [33]. With the advancement of large language models, relationship extraction methods
based on these models have shown significant advantages in handling unstructured data.
Through extensive pre-training, large language models are able to learn a wealth of lin-
guistic knowledge and semantic information across a wide range of corpora [34,35]. This
enables them to adapt flexibly to the multi-source and heterogeneous nature of landslide
disaster data. Such models can effectively extract and interpret complex relationships and
entities from varied data sources, enhancing the accuracy and comprehensiveness of the
knowledge graphs they help to build.

Traditional landslide monitoring methods can be broadly classified into ground ob-
servation techniques, remote sensing technologies, and geological investigation methods.
Ground observation techniques include visual inspection, where personnel conduct peri-
odic surveys to observe the development of cracks, displacement, and hydrological condi-
tions in landslide-prone areas [36]. This approach is cost-effective and straightforward, but
its accuracy may be affected by the subjectivity of observers and the limited frequency of
inspections. With technological advancements, instruments such as inclinometers and lev-
eling devices have been employed to monitor the tilt and settlement of soil or rock masses,
improving the precision and reliability of measurements [37]. However, these instruments
may be constrained by adverse weather conditions or complex terrains. Crack meters and
similar devices are commonly used to monitor the expansion and rate of cracks, providing
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continuous data, though their installation and maintenance can be expensive. Since the
mid-19th century, remote sensing technology has developed rapidly. Some studies use
satellite imagery to monitor landslides by analyzing changes in surface features [38]. While
remote sensing can cover large areas and rapidly acquire vast amounts of data, the quality
of data may be limited by sensor capabilities, cloud cover, and resolution. Moreover, it is
challenging to monitor landslide sites in detail using visible light spectrum combinations,
and ground-based data are still needed for support. Interferometric Synthetic Aperture
Radar (InSAR) technology, an advanced method that uses radar waves to measure surface
deformation, provides a precise means of detecting subtle surface displacements over large
areas, offering an effective tool for landslide monitoring. However, its application is limited
by high costs and technical complexity [39]. Geological investigation methods, such as
borehole detection, ground-penetrating radar, and geological mapping, are used to analyze
the geological structure and physical properties of landslide areas in depth, helping to
identify potential landslide risks [40]. These methods can provide detailed subsurface infor-
mation, but they are often time-consuming and expensive. Traditional landslide monitoring
models typically rely on specific datasets from geology, meteorology, and environmental
factors [41,42]. These data are often isolated and managed in a fragmented manner, leading
to low efficiency in data integration and utilization, and may not fully leverage all relevant
data. Most traditional models are designed for specific regions and types of data, and their
applicability and accuracy may decline when environmental conditions or data sources
change [43]. Moreover, in facing complex disaster chains, traditional analysis methods
may overlook the interactions between different disasters [44]. Knowledge graphs, as a
form of specialized graph database, represent a transformative tool in landslide monitoring
and risk assessment. Unlike traditional monitoring methods that often rely on isolated
data sets from specific domains such as geology, meteorology, or environmental conditions,
knowledge graphs enable the integration of multi-source data along with expert knowl-
edge into a structured and cohesive knowledge base [45]. This comprehensive integration
facilitates a more profound and extensive analysis of landslide risks, which traditional
methods struggle to achieve. One of the key advantages of using knowledge graphs is their
ability to perform associative analysis and reasoning mechanisms. These capabilities allow
the system to uncover hidden relationships between various data points that may not be
apparent in traditional models [46]. Therefore, models based on knowledge graphs can
more comprehensively analyze landslide risks.

Given the challenges identified in landslide disaster monitoring research, there is an
urgent need for a more comprehensive and timely monitoring model for landslide disasters.
Therefore, (1) this study proposes an intelligent knowledge graph construction method
based on ChatGLM?2 [47] and uses this model in conjunction with ontological theory to
build a landslide knowledge graph. This approach addresses the difficulties of integrating
unstructured data with ontological theory to provide structured expressions. (2) Based on
the constructed landslide knowledge graph, we have developed a knowledge graph-based
landslide disaster inference model. This model facilitates spatio-temporal monitoring
of landslide disasters and addresses the inefficiencies of traditional monitoring through
an automated workflow. This novel approach enhances the predictive capabilities and
response times of landslide monitoring systems, ultimately contributing to more effective
disaster management and mitigation strategies.

2. Data and Methods
2.1. Study Area

The epicenter of the Jishishan earthquake and the location of the Jishishan co-seismic
landslide are shown in Figure 1. Jieshishan is located in Jieshishan An Dongxiang Salar Au-
tonomous County, which belongs to Linxia Hui Autonomous Prefecture of Gansu Province.
The county where Jieshi Mountain is located has a total area of 909.97 square kilometers,
with a resident population of 238,900. Jishishan County is located in a typical continental
monsoon climate zone, exhibiting the combined climatic features of mountainous and
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alpine regions, with significant climatic variations across the county due to topographi-
cal influences. The average annual precipitation is 651.1 mm, while the average annual
evaporation is approximately 1114 mm. The total annual sunshine duration is 1754.2 h,
and the frost-free period ranges from 113 to 177 days. The winter and spring seasons are
dry, whereas the summer and autumn seasons are humid. There are five rivers originating
from the Lesser Jishi Mountain within the county, among which the Liuji River has the
largest drainage area and flow rate. The region is located in a loess area, characterized
by a macroporous, metastable microstructure and strong water sensitivity. Its lithology is
primarily composed of eolian deposits and limestone, while the predominant soil types are
Gleyic Cambisols and Aric Anthrosols. At 23:59 GMT on 18 December 2023, a magnitude
6.2 earthquake struck near Jieshishan (35.70 degrees north latitude, 102.79 degrees east
longitude) and triggered a syncline in Jieshishan.
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Figure 1. Locations of the landslide and earthquake points in Jishishan. The (left) side shows a map
of China, while the (right) side displays the area under study.

2.2. Data Source

This study utilizes data from three sources. The literature data were sourced from
China National Knowledge Infrastructure (https://www.cnki.net/, accessed on 25 Au-
gust 2024) using the keywords “Jishishan landslide”, comprising 39 documents with a
total of 1,159,985 characters. Public reporting data were collected from Weibo (https:
/ /weibo.com/, accessed on 25 August 2024) and Zhihu (https:/ /www.zhihu.com/, ac-
cessed on 25 August 2024) using the keywords “Jishishan landslide”, amounting to 842
posts and 170,960 characters, and disaster statistics section of the China National Disaster
Reduction Center’s website (https://www.ndrcc.org.cn/, accessed on 25 August 2024),
totaling 44 entries with 86,958 characters. The statistical results are presented in Table 1.

Table 1. Data volume from each source.

Number of Entries (Posts,

Source Articles) Number of Characters
Literature 39 1,159,985
Public reporting 886 257,918

Sentinel-1 is the first satellite launched as part of a collaboration between the Eu-
ropean Space Agency (ESA) and the Copernicus Programme. It consists of two similar
satellites, Sentinel-1A and Sentinel-1B, launched in 2014 and 2016, respectively. Under the
Interferometric Wide Swath (IW) mode, Sentinel-1 provides a resolution of approximately
5 m (azimuth) by 20 m (range). Equipped with a C-band Synthetic Aperture Radar (SAR),
Sentinel-1 can detect even very minute ground movements, aiding in the assessment of
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landslide activity and trends. Sentinel-2, also part of ESA’s Copernicus Programme, is
specifically designed for monitoring Earth’s environment and managing natural resources.
The Sentinel-2 satellite system includes Sentinel-2A and Sentinel-2B, launched in 2015 and
2017, respectively. Their orbital configuration enables them to cover the globe every five
days, ensuring the availability of timely data. Sentinel-2 is equipped with a high-resolution
multispectral imager that captures images in 13 spectral bands, covering visible, near-
infrared, and short-wave infrared frequencies. This design makes it particularly suitable
for monitoring landslide disasters. The imagery used in this case study is listed in Table 2.

Table 2. Details of remote sensing imagery data used in the study.

Data ID

Data Name Tile Number Acqlflsmon Spaflal Data Source
Path Frame Time Resolution (m)
. 14 December
Sentinel-1 135 473 - 2023 5 x 20
Sentinel-1 135 473 - 26 Dzegg“ber 5 x 20 https://dat%C2%B7
0D b aspace.copernicus.eu,
Sentinel-2 - - T48SUE ecember 10 accessed on 25 August
2023
8D b 2024
: ecember
Sentinel-2 - - T48STE 2023 10

2.3. Landslide Monitor Model

To address the heterogeneity and inconsistency of multi-source data, we have imple-
mented detailed standardization steps during the data preprocessing phase, including
data format conversion, unification of time and spatial coordinates, imputation of missing
values, and data cleaning. Additionally, data mapping and semantic alignment methods
are employed to ensure compatibility and consistency across different data sources. The
monitoring module continuously tracks feature data, including precipitation and seis-
mic information. If anomalies are detected, the system queries the Neo4j graph database
and retrieves additional data for model computation, ultimately providing auxiliary data
for research. The overall structure of the monitoring model is illustrated in Figure 2. A
knowledge graph monitoring model for landslide prediction involves utilizing station
network interfaces to process and align multiple data sources in bulk before storing them
in a database. The model will periodically query interfaces from multiple data stations.
For data with provided signatures, the model checks the local database; if the data does
not exist, it proceeds with the storage step. For data without provided signatures, the
MD5 (Message Digest Algorithm 5) is used to obtain a hash value of the specified data.
If the data exists in the database, it is discarded; otherwise, it proceeds to the storage
step. The storage step primarily includes ontology alignment and data storage. In the
ontology alignment stage, data from different sources are embedded into the ontology
based on predefined mapping files. During the storage stage, py2neo is used for database
connection and data storage. For unstructured data, a random subset is initially selected
to construct question-answer templates. This data is input into ChatGLM-130B to obtain
preliminary triplets, which are then manually filtered to retain the correct triplets. Detailed
methodology is described in Section 2.3.2. These texts and triplets are used as training
data for ChatGLM2-6B to obtain the model weight file. The model weight file is loaded
into ChatGLM2-6B, and the entire dataset from the data sources is input into the model
to obtain triplets, which are subsequently imported into the Neo4j graph database. The
monitoring module continuously monitors feature data, including precipitation and seismic
information. If anomalies are detected, it queries the Neo4j graph database and retrieves
additional data for model computation, ultimately providing auxiliary data for research.
Through these detailed methods for standardizing and processing multi-source data, the
model is able to more effectively integrate and analyze heterogeneous data from various
sources, enhancing the accuracy and timeliness of landslide disaster monitoring.
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Figure 2. Overall flowchart of landslide knowledge graph monitoring model.

2.3.1. Ontology Construction

The construction of entities in knowledge graphs involves expressing and storing
real-world objects, concepts, or events in a structured form. This process includes the
following steps: defining and identifying entities, ensuring the uniqueness of entities,
selecting and defining entity attributes, establishing relationships between entities, and
choosing and integrating data sources. Based on these steps, we propose the following
three types of entities: (1) landslide-type entities, which include landslide event entity,
landslide research, research method, measurement site, precipitation site, meteorological
site, Global Navigation Satellite System (GNSS) site, loss, etc.; (2) geographic-type entities,
which encompass economic activity, human activity, natural feature, etc.; and (3) remote
sensing-type entities, which contain remote sensing processing, remote sensing index, etc.
The main ontologies and relationships are shown in Figure 3.

2.3.2. Entity and Relationship Extraction Based on ChatGLM2

ChatGLM2 is based on the General Language Model (GLM) architecture. This architec-
ture integrates autoencoding and autoregressive concepts by randomly deleting continuous
tokens from the input text and sequentially reconstructing them. It combines span shuffling
and two-dimensional positional encoding techniques, along with variations in the number
and length of missing spans, to cleverly pretrain language models for both conditional
and unconditional generation tasks. Its training objective is optimized through an autore-
gressive blank-filling goal. In this study, ChatGLM2 was used as the baseline model and
fine-tuned based on preliminary corpora, enabling the model to transform unstructured
text into structured triples. P-Tuning-V2 [48] employs reparameterization to enhance the
training speed and robustness of P-Tuning [49]. By adding continuous prompts at each
layer of the pretrained model, it significantly increases the capacity of continuous prompts,
thereby narrowing the performance gap with fine-tuning, especially on small models and
challenging tasks. In this study, P-Tuning-V2 is utilized to fine-tune the pretrained model
ChatGLM2-6B.
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Figure 3. Main ontologies and relationships in the landslide knowledge graph.

In this paper, a question-answering template for generating landslide knowledge
graph triples is constructed based on ChatGLM2. By defining roles for ChatGLM2 and
providing method examples, we infer the possible triples present in a given text. Our
output template is as follows:

({ Subject }, { Predicate }, { Object }) <|> ... 1)

where () represents a triplet, while the content within {} is generated by a large language
model. The symbol <|> serves as a delimiter to separate multiple triplets. The ChatGLM2-
6B model is fine-tuned to obtain a language model specialized in extracting entities and
relationships in knowledge graphs.

Knowledge fusion primarily involves computing the similarity between multiple
entities and multiple relationships. Here, we propose a string similarity calculation algo-
rithm that couples the minimum edit distance with the Jaccard coefficient to measure the
similarity between multiple entities and relationships. We then set a threshold to perform
synonym merging.

The minimum edit distance is a metric used to measure the difference between two
strings. It is defined as the minimum number of edit operations required to transform
one string into another. These edit operations typically include insertion, deletion, and
substitution. Let d(i, j) be the minimum edit distance between strings word1[0...i) and
word2[0...j), where word1|0...1) represents the substring of string word1l from position
0 to position i—1, and similarly for word2[0...j). Then, d(i, j) can be calculated using the



Remote Sens. 2024, 16, 4056

8 of 22

following recursive relation: (1) Set the initial conditions. For all 0 < i < len(word1), there
isd(i,0) =i. Forall 0 < j < len(word2), there is d(0,j) = j. (2) Recursive Formula (4):

d(i,j)=d(i—-1,j—1) ,wordl[i — 1] = word2[j — 1]

d(i,j) =min{d(i—1,j—1) +1, . . )
di—1,7)+1,d(i,j — 1) +1) ,wordl[i — 1] # word2[j — 1]

d(i—1,j — 1) + 1 corresponds to substitution operations, d(i —1,j) + 1 corresponds to
deletion operations, and d(i,j — 1) 4 1 corresponds to insertion operations.

The Jaccard similarity coefficient is a metric used to measure the similarity between
two sets. It is defined as the ratio of the size of the intersection of the two sets to the size of
their union. Mathematically, it is expressed as:

_|AnB]

J(4,B) = |A U B

3)

A and B are text collections. First, we convert landslide entities into a string-based format
for storage. Then, we transform the strings into set forms and use a formula to calculate the
Jaccard similarity coefficient J(A, B). Subsequently, we compute the minimum edit distance
d(i, j) between the two strings. We then calculate the average of these two coefficients to
obtain the distance index D(word1, word2). By setting a distance index threshold, we can
merge entities and relationships that exceed this threshold.

2.3.3. Deformation Monitoring Based on D-InSAR

Neo4j graph database is a graph database management system that stores data using
graph structures, supporting efficient graph queries and analyses. It offers an intuitive us-er
interface and a powerful computation engine, supporting various data input formats and
output formats for results. Additionally, it provides a visualization interface for dis-playing
results. The triples mentioned in this paper are represented in the form of graphs; therefore,
we use Neo4j graph database for landslide knowledge storage and querying.

In this case, the data recommendation and calculation process are illustrated in Figure 4.
First, using the Cypher query language of the knowledge graph, we searched for the timing
of the landslide disaster, obtaining a time range of one week before and after the disaster
event. Concurrently, using the Cypher query language, we searched for the location of the
landslide disaster, which in this case was identified as Jishishan Autonomous County. We
then queried the county name to obtain its vector boundary. Concurrently, we uploaded
the time range and vector boundary to an Application Programming Interface (API) to
check for any available imagery. If no images were available, we would expand the time
range by another week and continue the search until images were downloaded. The
downloaded images were then focused to convert radar echo data into high-resolution
images. Next, we registered and superimposed radar images obtained from the same area
at different time points to create an interferogram that included information on changes
in surface height [50]. We used an interferometric noise removal module to eliminate
atmospheric noise and phase noise, thereby improving the quality of the interferogram
signal. Subsequently, we used Goldstein filtering [51] to further remove noise from the
interferogram. This step helps enhance the coherence of the signal, making subsequent
phase unwrapping and deformation analysis more accurate. We then calculated coherence
and performed phase unwrapping to facilitate subsequent deformation analysis. If orbital
data was available, we refined the orbit to eliminate the influence of orbital errors on
the interferogram. After unwrapping, we converted the interferometric phase into actual
surface deformation information. Finally, we converted the processed deformation data into
a geographic coordinate system and output the processed surface deformation map. The
relevant configuration parameters of Differential INSAR (D-InSAR) are shown in Table 3.
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Table 3. Parameter configuration of D-InSAR.

. . . Phase
Radar Band Baseline Coherence Multi-Looking Unwrapping Orbit Differential
Parameters Threshold Factor .
Algorithm
C-band Goldstein
(Sentinel-1) 7 days 05 5 Algorithm Yes
3. Results

3.1. Entity and Relationship Extraction Result

In this example, the monitoring model detected new landslide entities in real-time
within the knowledge graph, taking a total of 923 s. This duration excludes the time for
text data preprocessing and data transmission, which was 68 milliseconds. The extraction
of triplets took 791 s, and knowledge fusion took 131 s. A query was run to retrieve all
entities related to this entity. As shown in Table 4, by accessing the background operation
logs, we can see that this query took only 14ms and identified a total of 106 related entities
and attributes. Among these, there were 17 Landslide Entities, accounting for 16.04%; a
total of 12 Geological Environment and Economic Activities Entities, accounting for 11.32%;
and 31 Remote Sensing Disaster Monitoring and Image Processing Entities, accounting
for 29.24%. The remaining 43.40% of entities and attributes are not based on ontological
theory, typically used for supplementary queries and knowledge support, as detailed in
Figures A1-A5 in Appendices A-E. Additionally, two computational routes were identified:
one based on D-InSAR for deformation calculation, and the other based on knowledge
graph queries for image data recommendation.

We conducted a comparative analysis between traditional algorithms and a triplet
extraction algorithm based on ChatGLM using the Jaccard index. The analysis included
a total of 106 triplets. The results showed that the industry-standard entity extraction
algorithm based on spaCy [52] achieved a score of 0.712, while our method scored 0.831.
This indicates that our algorithm is more effective at extracting triplets from unstructured
data.
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Table 4. Details of monitoring model query results.
Number of Reﬁl;?(:bszrn(gn Number of
Total Number of Geological . 8 Number of
‘e Number of . Disaster External .
Entities and . .ee Environment and e . . Calculation
. Landslide Entities . Monitoring and Operations
Attributes Economic . Routes
AP o Image Processing Involved
Activities Entities .0
Entities
106 17 12 31 17 2

3.1.1. Landslide Incident Entities

This study encompasses three types of entities: landslide entities, Geological environ-
ment and economic activities entities, and Remote sensing disaster monitoring and image
processing entities. Figure 5 illustrates a portion of the knowledge graph for landslide
entities. This graph is derived from unstructured corpora obtained from public reporting
sources. The landslide event entity connects to affected location entities, direction of slide
entities, deposit and landslide mass entities, time of disaster entities, degree of impact
entities, and loss entities. The loss entity connects to death, injury, damage to houses, and
property damage entities. The name attribute of the landslide event entity is “Landslide
caused by earthquake in Jishishan County”. The landslide research entity points to the
landslide event entity with a target relationship. The name attribute of the landslide re-
search entity is the full name of the research. The measurement site entity points to the
landslide research entity. We take the landslide event triggered by the earthquake in Gansu
on 18 December 2023, as an example. In this instance, only one seismic station is involved,
and the earthquake magnitude recorded by the station is 6.2. The landslide event entity
points to the research method entity, whose name is “Remote Sensing Monitoring and
Geological Interpretation”. This entity connects to method type and method details entities,
with name attributes of “remote sensing” and “InSAR” respectively.

jishisha

[o%
%
suface
deforma
tion
o
Suface\»\"
deform
ation

remote
INSAR sensing

Figure 5. Knowledge graph of jishishan landslide incident entities.

3.1.2. Geological Environment and Economic Activities Entities

In this example, the geological environment and economic activities entities section
includes three entities. The rainfall, steep hill, and earthquake entities point to the natural
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feature entity. Human activity includes the vegetation, drainage, water storage, blasting,
and excavate entities, with blasting and excavate potentially leading to economic activity.
The geographical entity includes the economic activity entity. The geological environment
and economic activities entities in the Jishishan landslide are shown in Figure 6.
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Figure 6. Geological environment and economic activities entities in jishishan landslide.

3.1.3. Remote Sensing Disaster Monitoring and Image Processing Entities

In this example, the included remote sensing entities are shown in Figure 7. The
remote sensing entity connects to the remote sensing processing entity and the remote
sensing index entity. Both the pro-disaster imagery entity and post-disaster imagery entity
are included within the remote sensing entity and the remote sensing processing entity. The
remote sensing processing entity further connects to the Slope Calculation entity, Vegetation
Index Calculation entity, Filtering Processing entity, and Radiation Correction entity. These
entities are associated and operated through the remote sensing processing entity. The
remote sensing index entity connects to the Differentiated Vegetation Index entity, Terrain
Humidity Index entity, Landslide Hazard Index entity, and Remote Sensing Hydrological
Model entity. These are specific index models and calculation methods linked to the remote
sensing index entity. Specifically, the slope calculation entity includes three attributes:
formula, type, and function. It is worth noting that the slope calculation entity and the
vegetation index calculation entity belong to the same type, sharing similar attributes and
methods in their processing and calculations. Although the slope calculation entity and the
vegetation index calculation entity belong to the same type of entity, they have significant
differences in function. The slope calculation entity is primarily used to calculate the slope
of the terrain and determine the gradient of the terrain, enabling better understanding and
analysis of terrain changes and characteristics. In contrast, the function of the vegetation
index calculation entity is to calculate various vegetation indices, which are used to assess
the density and health of plant cover. These vegetation indices can help monitor and
manage ecosystems, evaluate the impact of environmental changes on vegetation, and
support decision-making in agriculture and forestry management. The remote sensing
processing entity provides comprehensive support for the analysis and application of
remote sensing data by connecting and integrating different types of calculation and
processing entities. Meanwhile, the remote sensing index entity offers a wealth of data
and analytical tools for geographic information systems and environmental monitoring by
linking different index models.
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Figure 7. Remote sensing disaster monitoring and image processing entities in Jishishan landslide.

3.2. Deformation Monitoring Results

In this example, the real-time calculation results of the monitoring model are shown in
Figure 8. In this model, the monitoring system continuously queries landslide event entities
in real-time. When a new landslide occurs, the post-disaster monitoring model is activated.
This model inputs all related reports into the pre-trained ChatGLM2 model for entity
extraction and normalizes the data for storage in the Neo4] database. For unstructured
data, such as remote sensing images, it calls APIs to download images and records their
metadata. In this case, after the landslide on 18 December 2023, the knowledge graph-
based monitoring model was automatically activated. It downloaded Sentinel-1 images
that spatially overlapped with the disaster location (35.70°N, 102.79°E) and were captured
before the disaster occurred. Subsequently, the images underwent band merging and
import operations. A separate thread was initiated to wait for the next spatially overlapping
image captured after the disaster. It is noteworthy that most event entities are generated
based on reports, resulting in some delay. Therefore, when the model begins acquiring
pre-disaster images, post-disaster images are already being collected. In such cases, the
model automatically downloads both pre-disaster and post-disaster images. The model
then queries available remote sensing processing methods. Using the network structure, it
quickly identifies the need for the D-INSAR method under the landslide node. At this point,
the model attempts to invoke the D-InNSAR method from the remote sensing processing
methods. By querying the nodes connected to the D-InNSAR node, it retrieves the metadata
required for the method, queries the database for the necessary data, and transfers this
data to the working directory. Once data transfer is complete, the D-InNSAR workflow
proceeds according to preset parameters. The final results are saved to the geographic
database, and a new node is added to the Neo4] database to store the result’s location.
From Figure 8, a substantial area of uplift can be observed between 102°44’ to 102°54'E and
35°42' to 35°50'N, with the highest uplift reaching 8.784 cm. The southwestern mountains
exhibit significant unilateral subsidence. Additionally, there is a significant localized uplift
in the northwest direction of the central uplift area, with a maximum uplift of up to
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9.662 cm, and the relative error of comparison with the displacement confirmed in the
official agency report [53] is 6.17%. Overall, the deformed areas are primarily located
among the mountains.

102°52' 102°56'

4.47

102°36'  102°40' 102044’

Figure 8. Deformation caused by the earthquake detected by D-InSAR. Sections a to d are vertical
profiles, while sections e to h are horizontal profiles.

The monitoring model has integrated advanced profile analysis methods, which au-
tomatically push relevant data to researchers when they query specific terrain events.
Researchers need only upload vector files of the study area and the target images to the
model to easily generate profile graphs. In this study, terrain deformation maps and vector
data of the core deformation areas were input, with a horizontal interval of 2’ and a vertical
interval of 2. The generated profile graph (Figure 9) shows that, horizontally, Section f
exhibits the most significant deformation, with a fitted line slope of 1.186 and an average
deformation of 7.5 cm. Vertically, Section a shows the greatest deformation, with a fitted
line slope of 1.032, indicating that horizontal deformation is generally greater than vertical
deformation. This may suggest that crustal stress is unevenly distributed horizontally, lead-
ing to more significant deformation responses. Specifically, Sections e to f show a distinct
west-high-east-low trend, which might be related to underground tectonic activities or
historical landslide events, while Section h exhibits more uniform deformation, indicating
relatively stable geological conditions, possibly due to more uniform stratigraphic struc-
tures and lithological conditions. Additionally, the model automatically performs curve
fitting and differentiation to accurately determine the deformation rate at each point. It
selects the maximum absolute derivative value in each section and stores it in the landslide
knowledge graph. The profile graph’s address index and its corresponding derivative
values are effectively associated and stored, providing rich secondary data support for
subsequent research and monitoring.



Remote Sens. 2024, 16, 4056

14 of 22
Section a Section b
T T T T ].2 T T T T ].2
0.06 -
/(35.71,\%2) L0.9 T L0.9
IR Y Los . 0.043567.0981 o
S 0021 03 25 0021 L03 2
£ £ f i
4 0.0 5 4 +00 5
% 0.00 2 % 0.00 3
a L a . L
—0.02 1 DeformationTinel -\ / 03 —0.02 4 Deformation line| 03
0.0 — Derivative line \\\_i / -—0.6 00 E_et”:;a:_we line — -—0.6
— i . N _ — _ t al
.04 Fitted line (35.82,-0.6922) 09 04 fecme (35.82,-0.5129 ~0.9
T T T T . T T T T .
35.70 35.75 35.80 35.85 35.70 35.75 35.80 35.85
Latitude Latitude
Section ¢ Section d
T T T T 1.2 T T T T ].2
0.06 1 (35.68,0.7892) 0.06 4
— 0.9 0.9
P
0.044" 0.04
£ 0.6 e (35.67,0.4607) -0.6
= = —
& 0029 fo3 25 002 ot L03 2
g , - ~ :
£ 0.00- AN / F00 5 § 0.00 ~__ 00 5
“g \ / Qg (35.81,-0.2831 e
— - — u *0.3 o i -. L ,0'3
0.02 —— Deformation line \\\(35.81,/’07./6/1/04() 0.02 —— Deformation line
— Derivative line e F—0.6 — Derivative line r—0.6
—0.04 4 Fitted line —0.044 Fitted line
T T T T _09 T T T T _09
35.70 35.75 35.80 35.85 35.70 35.75 35.80 35.85
Latitude Latitude
Section e Section f
0.08 T T T T T 0.08 T T T T T
F1.2 _—=(102.7,1.186 F1.2
0.06 - 0.06 e = Q‘\\ ) /
-0.8 / N /F0.8
0.04 4 o =(102.8,0.5801) o4 0.04 1 o
£ " E
g 0.02 2 E’ 0.02 0.0 B
g 0004, £5 000 [04%
8 5 5 F-08 %5
« —0.02 1 A —0.02 4 a
F—1.2
a o) )
—0.04 + Deformation line| - —1.6 —0.04 Deformation line| - —1.6
~0.06 4 D'erivat.ive line | L2 ~0.06 _ Qerivat.ive line | L5
Fitted line [ 54 (102.7,-2.241) Fitted line 4
_0.08 T T T T T : 0~08 T T T T T :
102.70 102.75 102.80 102.85 102.90 102.70 102.75 102.80 102.85 102.90
longitude longitude
Section g Section h
008 T T T T T 0~08 T T T T T
0.06 12 0.06 12
. Losg . (102.9,0.6456) 08
0.04 L 0.4 0.04 /L 0.4
/
TE_’ 0.02 4 F0.0 o E’ 0.02 F0.0 o
S Z .8 oA B
g 000 o 04 % g 0004 P04 5
5 — 085 £ ) F—0.8 5
2 -0.02 (102.9,-0.7048) L1298 =0.02 1 L1022
—0.04 1 Deformation line| - —1.6 —0.04 1 Deformation line| | —1.6
—0.06 D'erivat.ive line | L2 ~0.06 - (102.7,~1.605) Dferivatﬁve line | L5
Fitted line [ o4 Fitted line L 54
_0.08 T T T T T : 0~08 T T T T T :
102.70 102.75 102.80 102.85 102.90 102.70 102.75 102.80 102.85 102.90
longitude longitude

Figure 9. Horizontal and vertical cross-sectional diagrams. The red line represents a quartic fitting
curve. The blue line is derived from the differentiation of the fitting curve. (a—d) are vertical profiles,
while sections (e-h) are horizontal profiles.

Using the landslide knowledge graph-based monitoring model to query landslide
disasters associated with this earthquake, we quickly identified the coseismic landslide
located in Zhongchuan Township, Haidong City, Qinghai Province. Utilizing the images
linked by the model post-disaster, we found pre- and post-disaster Sentinel-2 images of
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the affected area (Figure 10). By comparing the pre- and post-disaster results, we observed
that the earthquake-induced landslide disaster impacted a large area, with an affected area
of 0.3408 square kilometers. The images reveal that the landslide body in the north slid
southward, forming a mudflow. The landslide body measures 2632 m in length from north
to south and 934 m from east to west. The main affected area is the farmland north of the
village, where the mudflow moves southward, overflowing at the bend and the narrow
sections of the village, forming deposits.
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Figure 10. Sentinel-2 image of coseismic landslide triggered by the Jishishan earthquake. This image
is synthesized using visible light channels and displayed using the percentage truncation method.
The landslide body area is highlighted within the red box. The imaging date of the pre-disaster image
is 14 December 2023, and the imaging date of the post-disaster image is 26 December 2023.

Additionally, the model has associated multiple historical landslide sites within the
same province as the earthquake, including a mountain in Nanyu Township, Zhouqu
County, Gannan Tibetan Autonomous Prefecture, Gansu Province. This area experienced
the Zhouqu landslide on 12 July 2018. The main geomorphological units in this area are
erosional tectonic mountains and erosional depositional river valley plains. In the erosional
tectonic mountains, intense erosion and weathering have led to widespread fragmentation
of surface rocks, with abundant cracks and joints, creating conditions conducive to land-
slides and collapses. Particularly during the rainy season, the risk of mudflows significantly
increases. Another associated site is a mountain in Lingtai County, Pingliang City, Gansu
Province, where the Lingtai landslide occurred on 3 October 2021, also linked to seismic
activity. The landslide at Dongzhuang She in Nandianzi Village is located in a transitional
zone between loess hills and erosional depositional river valleys, sharing similar spatial
distribution characteristics with the study area. This landslide, dating from the Holocene,
has had a long-term impact on the geological environment. The landslide body is composed
of multiple sliding blocks, exhibiting distinct cracks and deformation signs that highlight
the geological environment’s fragility. Meanwhile, the knowledge graph results indicate
that various remediation measures have been implemented in the region, including slope
cutting and load reduction, pile and panel wall constructions, anchor and grating structures,
and water interception and drainage projects, all aimed at enhancing landslide stability and
preventing future disasters. This information enables decision-makers to easily investigate
the recent earthquake’s impact on other historical landslide bodies and provides knowledge
of past remedial measures for adoption in neighboring areas.
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4. Discussion
4.1. Analysis of the Formation and Regional Impact of Coseismic Landslides

Flow-type landslides are a category of landslides that occur due to soil liquefaction
or other forms of enhanced fluidity. These landslides typically take place on steep slopes,
where soil layers or loose sediments move rapidly under the influence of gravity. The
defining characteristics of flow-type landslides include high flow speeds, the ability to
cover extensive areas, and significant destructiveness. The moisture content in the soil is
one of the key factors affecting its fluidity; the more saturated the soil, the greater its fluidity.
By combining the information provided by imagery and the knowledge graph, we can see
that the area near Jishishan is covered with farmland. In the study area, this agricultural
field experiences irrigation seepage during the regular irrigation process. Combined with
regular rainfall infiltration and groundwater accumulation, this will lead to the regional
soil layers being in a high moisture state. The occurrence of the Jishishan earthquake
caused local liquefaction of this soil layer, thus accelerating instability and leading to
the 1213 landslide. The regional soil layers being in a high moisture state also led to the
landslide material being highly water-saturated. However, the landslide mass is located on
a slope, affected by gravity, and the highly water-saturated landslide material promoted
the formation of mudflows. The mudflow flowed downward, destroying over 4000 m of
road and damaging over 200 houses.

4.2. Analysis of Landslide Monitoring Optimization Through Knowledge Graph

Current research has utilized knowledge graphs combined with deep learning neural
networks for landslide detection in remote sensing images [54]. These methods perform
pixel-level classification on a specific image to identify the precise location of landslides.
However, such approaches fail to effectively leverage the existing information within
knowledge graphs for extended analysis. Our landslide knowledge graph construction
framework is capable of acquiring massive amounts of information from multiple sources
and organizing it into a structured format. In this case study, we not only integrated
information obtained from optical and radar imagery using the knowledge graph but also
incorporated data stored in knowledge bases related to geological environment, economic
activities, and historical reports to conduct a detailed analysis of the Jixishan coseismic land-
slide. Previous research has employed relational graph convolutional networks (RGCNs)
to effectively utilize the graph-structured information of landslide cases for monitoring
and early warning [55]. However, the reliance on labeled data in this model results in
significant resource consumption when processing heterogeneous data. To address this,
we introduced ChatGLM2 as our baseline model. By fine-tuning the model, we reduced
computational resource requirements, while the strong generalization capability of the
large language model enhanced its ability to comprehend the input knowledge.

4.3. Research Contributions and Limitations

In this paper, we present a landslide knowledge graph-based monitoring model de-
signed to integrate and organize public reporting, meteorological, and remote sensing data,
and utilizes NLP technology based on ChatGLM2 to transform “un-structured knowledge
to structured knowledge” encompassing expert knowledge, media insights, and simulation
models. Traditional knowledge graph construction, which relies on manual curation and
analysis [56], is inefficient and struggles with large datasets. Our proposed intelligent
knowledge graph construction method based on ChatGLM?2 leverages the superior natural
language understanding capabilities of large language models to accurately extract from
diverse unstructured data and to identify non-fixed relationships, resulting in multiple
associated triplets. Traditional data storage methods are often isolated, with a lack of
effective links between different types of data, which limits the interoperability and depth
of analysis [57]. The knowledge graph ontology model, by defining relationships and
properties between different data types, not only facilitates organic links between data [58]
but also enhances semantic understanding of the data [59], thereby improving the efficiency
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and quality of data retrieval and analysis. Through constructing a knowledge graph
ontology model, this paper enables regularized storage and fixed relationship linking for
input geological data, meteorological data, INSAR image data, optical remote sensing data,
public reporting. Based on this knowledge graph, we developed a monitoring model to
monitor the entire disaster chain related to landslides. This model calculates pre- and post-
disaster ground deformation and updates the graph in real-time with disaster information.
Traditional methods often rely on manual analysis and periodic updates [60], which not only
result in slower response times but also limit the timeliness and accuracy of data processing
and disaster warning. In contrast, our proposed knowledge graph-based monitoring model
significantly enhances disaster monitoring efficiency and accuracy through automated
and intelligent data processing, achieving these results in just 923 s. This provides robust
technical support for disaster prevention and mitigation.

However, there are some limitations to this research. First, the Sentinel-1 data used for
deformation monitoring have relatively low spatial resolution, which may compromise
the accuracy of earthquake disaster identification. Additionally, the lower resolution of
optical imagery provided by Sentinel-2 makes it difficult to discern smaller landslide bodies.
Future work should employ remote sensing satellites with higher resolution as the basic
data input. Furthermore, integrating ground survey data could more accurately integrate
landslide monitoring information into actual land management units, providing more
precise monitoring information to land managers. Finally, although we fine-tuned Chat-
GLM2 using P-Tuning, which reduced the number of trainable parameters to some extent
and improved training efficiency, large language models inherently consume significant
resources. In future research, we may consider employing model compression techniques,
such as quantization and pruning, or introducing more efficient training strategies to fur-
ther reduce the computational complexity and resource consumption of the model. Further
development and application of this method will significantly enhance the timeliness and
accuracy of disaster response.

5. Conclusions

This study utilizes the ChatGLM2 to perform triplet extraction on diverse multi-source
unstructured data and constructs knowledge linking rules based on ontological theory.
It enables real-time extraction and integration of knowledge from government reports,
media information, and literary resources to build a knowledge graph monitoring model
for landslide disaster surveillance. Taking the Jishishan coseismic landslide as a case study,
the research yields the following conclusions:

(1). The query for this event was executed in 14ms, identifying 106 related entities
and attributes. Of these, Landslide Entities comprised 16.04%; Geological Environment
and Economic Activities Entities accounted for 11.32%; and Remote Sensing Disaster
Monitoring and Image Processing Entities represented 29.24%. Additionally, two analytical
pathways were generated: one for deformation calculation using D-InSAR, and another for
recommending imagery data based on knowledge graph queries.

(2). The area ranging from 102°44’ to 102°54’ longitude and 35°42’ to 35°50' latitude
shows a significant uplift, with a maximum of 8.784 cm. There is notable unilateral
subsidence in the mountains to the southwest. Beyond the central uplift zone, significant
local uplift occurred to the northwest, reaching up to 9.662 cm.

(3). The northern landslide mass slid southward. The area affected by the co-seismic
landslide primarily includes farmland and villages, covering an area of 0.3408 square
kilometers.

(4). This landslide was triggered by the rapid liquefaction of the water-containing soil
layer due to an earthquake, causing instability. Coupled with topographical factors, a large
mixture of soil and rocks with water rapidly slid down the slope, forming a debris flow
that destroyed over 4000 m of road and damaged over 200 houses.

(5) The maximum horizontal deformation occurs at the 102°46' section, with a fitted
line slope of 1.186, while the greatest vertical deformation is observed at the 35°42/ section,
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with a slope of 1.032. This discrepancy indicates that crustal stress is unevenly distributed
in the horizontal direction, leading to more significant deformation responses.
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Figure A2. Geohazard knowledge graph illustrating the factors and effects related to landslips,
including triggers like earthquakes and rainfall, and their impact on buildings and infrastructure.
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Appendix C

Figure A3. Soil mechanics knowledge graph illustrating the relationships between cohesion, shear
strength, and factors such as plant root systems, clay, and erosion.

Appendix D
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Figure A4. Slope stabilization knowledge graph illustrating the factors and methods involved in
reinforcing and stabilizing slopes, including the effects of human activity, deforestation, and various
reinforcement techniques.
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