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Abstract:Earthquake-induced landslides can cause extensive damage, often surpassing the earthquake’s direct 
impact. Effective emergency response and post-disaster planning rely on rapid, accurate landslide hazard 
assessments. However, in mountainous regions with frequent cloud cover, obtaining accurate remote sensing data 
can be challenging. This study addresses these limitations through a three-phase landslide hazard assessment 
approach, focusing on emergency response, mid-term resettlement, and reconstruction phases. We applied two 
rapid assessment models, Xu2019 and Shao2023 to the first-phase evaluation of the 2017 Jiuzhaigou. In the 
second and third phases, assessment models were developed based on incomplete and complete landslide data, 
respectively. The results shows that in the first phase, the Shao2023 model outperformed the Xu2019 model. For 
the Jiuzhaigou earthquake, the Shao2023 model achieved a prediction accuracy of 87%compared to 66.7% for the 
Xu2019 model. As coseismic landslide data became available, the prediction accuracy of the model improved, 
though persistent cloud cover reduced reliability in some regions. In the third phase, the development of 
comprehensive landslide databases significantly enhanced model performance. Predicted landslide areas closely 
aligned with observed distributions, confirming the robust predictive capabilities of these models when supported 
by complete landslides data.
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1.Introduction
The ability to obtain the spatial distribution of earthquake-triggered landslides and assess potential losses 
is crucial for real-time emergency rescue and post-earthquake resettlement planning (Nowicki Jessee et 
al., 2019; Robinson et al., 2017). Target identification based on satellite imagery or aerial photographs 
are effective methods for acquiring widespread landslide distribution. However, despite the potential of 
these techniques to provide valuable information for post-disaster planning, their application in real-time 
emergency response remains limited (Robinson et al., 2017). Satellite images can have delayed 
acquisition times and are frequently affected by cloud cover and shadows, which reduce interpretation 
accuracy (Saba et al., 2023; Wang et al., 2022). Similarly, high-resolution aerial photogrammetry is often 
hindered by mountainous terrain and weather conditions, and transporting equipment can exceed the 
critical rescue timeframe after an earthquake (Schilirò et al., 2024).

To enhance emergency response capabilities for earthquake-induced landslides, pre-earthquake 
landslide databases can be used to train and implement rapid assessment models (Nowicki et al., 2014; 
Robinson et al., 2017). In the absence of immediate post-earthquake remote sensing data, these models 
enable prompt landslide predictions to support real-time rescue operations. For instance, (Nowicki et al., 
2014) developed a near-real-time landslide assessment model with 1 km resolution based on four global 
earthquake-induced landslide databases, and updated the model using the same method based on 23 
landslide inventories (Nowicki Jessee et al., 2019). Similarly, Tanyas et al. (2019) established a 
near-real-time model using data from 25 global landslide events based on slope units. Xu et al. (2019)
introduced a probabilistic approach and logistic regression (LR) model to build a new-generation 
landslide hazard model using nine Chinese earthquake cases, and the model has been operationally 
applied in rapid assessment of earthquake-induced landslide. Additionally, Fan et al. (2022) applied deep 
learning to develop a near-real-time prediction model, which was implemented in response to the 2018 
Hokkaido Earthquake in Japan, the 2022 Luding Earthquake and the 2024 Taiwan Earthquake. However, 
due to regional variability and the complexity of landslide mechanisms, these models require further 
training with additional data and validation for accuracy across different seismic regions.

Landslide hazard assessment following an earthquake generally occurs in three phases (Ma et al., 2020).
The first phase, the emergency response phase, spans the initial hours up to the critical 72-hour rescue 
period. The second, or mid-term resettlement phase, begins 24 hours after the event and can extend over 
several weeks. The third, or reconstruction phase, lasts from several weeks to months post-earthquake. 
Large earthquakes, however, often trigger extensive and densely distributed landslides, posing 
challenges for gathering complete information within a short time frame. This limitation has shown that 
current hazard models for earthquake-induced landslides often fall short in achieving the necessary 
timeliness and accuracy for practical use. To improve this balance between timeliness and accuracy, we 70
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refined the existed three-phase assessment strategy and applied it to the 2017 Jiuzhaigou as case study. In 
the emergency response phase, we implemented the rapid assessment models developed by our team to 
address the traditional Newmark method's limitations in timeliness and accuracy (Ma et al., 2020). For 
the mid-term and reconstruction phases, we continuously expanded and refined the landslide database, 
optimizing hazard assessment outcomes to ensure that each phase achieved an effective balance of 
timeliness and accuracy.

2.Study area
On August 8, 2017, an Ms 7.0 earthquake struck Jiuzhaigou County in Aba Prefecture, Sichuan Province 
(33.20°N, 103.82°E) at a focal depth of 20 km. The earthquake reached a maximum seismic intensity of 
IX and recorded a peak ground acceleration (PGA) of 0.26 g. This event resulted in 25 fatalities, six 
missing persons, and 525 injuries, affecting more than 175,000 tourists and local residents (Zhang et al., 
2021).

Due to the rapid development of satellite and airborne photogrammetry, high-resolution imagery was 
obtained shortly after the earthquake, including drone images captured on August 11, 2017, Gaofen-2
satellite images from August 9, and Gaofen-1 images from August 16. Based on these images, 1,883 
co-seismic landslides triggered by the earthquake were initially identified (Fan et al., 2018).
Subsequently, a more detailed landslide database was compiled using GeoEye-1 satellite images with a 
0.5 m resolution, identifying 4,834 landslides with a total area of 9.6 km² (Tian et al., 2019). However, 
persistent post-earthquake rainfall limited cloud-free imagery for certain areas, particularly in the 
southern and northern sections of the VIII intensity zone (Sun et al., 2024; Tian et al., 2019). This limited 
data prevented the creation of a complete landslide database for the quake-affected regions. To address 
this gap, additional pre- and post-earthquake imagery from Google Earth was used to supplement 
interpretation in areas affected by cloud cover, resulting in a refined landslide inventory of 9,428 
landslides with a total area of 18.82 km² (Fig. 1) (Sun et al., 2024).

 
Fig.1Coseismic landslides of the 2017 Jiuzhaigou earthquake and post-quake imagery of landslide-abundance 

areas; (a) Terrain, seismic intensity distribution, and landslide data distribution of two phases within the study area; 

(b) Post-quake imagery of the Ruyiba area, located north of the epicenter; (c) Post-quake imagery of the Panda 

Lake area, located south of the epicenter.
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3.Data and method
In post-earthquake landslide hazard assessment, efforts typically proceed in three stages based on data 
availability and response priorities. The first phase, the emergency response phase, encompasses the 
initial hours after the earthquake, a period when landslide data from the quake-affected area are often 
unavailable. During this critical window, identifying high-hazard zones for prioritizing rescue operations 
is essential. The second phase or mid-term settlement phase, begins 24 hours post-earthquake and may 
last for several weeks. In this phase, optical satellite imagery and drone data are collected to establish an 
initial database of coseismic landslides, providing vital information for future reconstruction planning. 
The third phase, the reconstruction phase, extends from several weeks to months after the event. This 
phase focuses on collecting high-resolution imagery and comprehensive landslide data, enabling detailed 
assessments to reduce future risks and support long-term recovery. The next section outlines the specific 
landslide hazard assessment models used at each phase.

Emergency response Phase (Phase 1): In this study, two rapid landslide hazard assessment models are 
employed: (1) Xu2019 Model: This model draws on data from nine major earthquakes, including the 
1999 Chi-Chi earthquake (Taiwan), 2005 Kashmir earthquake, 2008 Wenchuan earthquake, 2010 Yushu 
earthquake, 2013 Lushan earthquake, 2013 Minxian earthquake, 2014 Ludian earthquake, 2015 Nepal 
earthquake, and 2017 Jiuzhaigou earthquake. Of these, seven occurred within China, while the Kashmir 
and Nepal events were from adjacent regions. This dataset includes 306,435 documented landslides, 
represented by polygons (Xu et al., 2019). To capture the variability in landslide occurrence, area scale, 
and landslide-to-non-landslide ratios, a total of 5,117,000 training samples were selected for model 
training (Xu et al., 2019). (2) Shao2023 Model: This model is based on data from nine earthquake events 
primarily centered in or near Sichuan area, including the 2017 Jiuzhaigou, 2013 Lushan, 2010 Yushu, 
2008 Wenchuan, 2013 Minxian, 2014 Ludian, 2017 Milin, 2018 Xingwen, and 2019 Changning 
earthquakes. Across these events, 251,260 landslides were recorded, with the Wenchuan earthquake 
contributing the largest portion (197,481 landslides) and the Xingwen earthquake the fewest (454 
landslides). Using similar methodology, 26,081,000 training samples were selected for constructing the 
logistic regression (LR) model (Shao et al., 2023). Both models integrate Bayesian probability with LR 
model to provide rapid assessments of landslide hazard following an earthquake. By inputting seismic 
parameters, these models conduct the immediate landslide hazard assessments, even in the absence of 
post-quake landslide data.

Mid-term resettlement Phase (Phase 2): Post-earthquake remote sensing images of specific areas become 
available. Using either visual interpretation or automated detection techniques, we can extract partial 
landslide data based on post-quake satellite images. In Phase 2, this incomplete landslide data, along with 
the same influencing factors used in Shao2023 model, are combined with the LR algorithm to develop a 
hazard assessment model for this phase. This approach allows us to evaluate landslide hazards 
effectively even with limited data.

Reconstruction Phase (Phase 3): During the reconstruction phase, extensive remote sensing images from 
before and after the earthquake become available, covering the entire quake-affected area. These images 
facilitate the establishment of a comprehensive landslide inventory across the entire study area. At this 
stage, we update the model with complete landslide data, allowing us to generate a detailed landslide 
hazard distribution map for the reconstruction phase.

4.Results
Landslide occurrence probabilities are represented by color gradients, with darker shades indicating 
higher likelihoods. Based on the landslide probability hazard index, areas with probability values below 
0.01% are classified as extremely low hazard zones; values between 0.01% and 0.1% as low hazard; 
between 0.1% and 1% as moderate hazard; between 1% and 10% as high hazard; and values at or above 
10% as extremely high hazard. 

Fig.2 illustrates the predicted landslide probability distribution for the first phase of the Jiuzhaigou 
earthquake, using two rapid assessment models of Xu2019 and Shao2023.The results show that both 
models perform similarly in the VII-intensity zone. In contrast, there are notable differences in model
performance in the VIII and IX-intensity zones. The Xu2019 model shows mediocre model performance 
in landslide-prone areas, with most landslides concentrated in moderate hazard zones. For instance, in 
the Ruyiba and Ganhaizi areas, it categorizes only a small portion as high hazard, and near Danzu and 
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Panda Lake, it primarily classifies areas as moderate hazard, despite extensive landslide observed in this 
area. On the other hand, the Shao2023 model demonstrates considerably better predictive accuracy in 
high landslide-density areas. Landslides are largely distributed within high hazard zones, particularly in 
Ruyiba, Ganhaizi, and Danzu areas, indicating stronger alignment with actual conditions than the 
Xu2019 model.

 

Fig.2 Map showing the landslide hazard results of Jiuzhaigou earthquake based on two earthquake-induced 

landslide rapid assessment models; (a) Predicted results of landslide hazard based on Xu2019 model and enlarged 

view; (b) Predicted results of landslide hazard based on Shao2023 model and enlarged view
Fig.3 illustrates the predicted results of the landslide probability distribution for the second and third 
phases of the Jiuzhaigou earthquake Compared to the first phase, the model’s predictive accuracy 
improves across various intensity zones, especially in the VII-intensity region. In the IX-intensity zone, 
the assessment result align more closely with observed landslide distributions, though some 
discrepancies persist. For instance, in areas like Panda Lake and northern Danzu, where landslides are 
densely concentrated, the second phase underestimates landslide hazard. The third phase, however, 
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shows markedly improved predictive accuracy in these areas. For example, a significant number of 
landslides have developed in areas such as Panda Lake and northern Danzu, which are correctly 
classified as extremely high hazard zones, closely aligning with the actual landslide distribution. 
Additionally, third-phase predictions more effectively capture landslide patterns in high-intensity 
regions, particularly in the IX-intensity zone near the epicenter, where the model effectively identifies 
landslide abundance areas and categorizes them as extremely high hazard zones.

 
Fig.3Coseismic landslide hazard mapping of Jiuzhaigou earthquake for Phase two and Phase three based on 

incomplete and complete landslide inventories; (a) Predicted results of landslide hazard in Phase two and enlarged 

view; (b) Predicted results of landslide hazard in Phase three and enlarged view
Fig.4 compares the predicted landslide areas from the three phases with the actual observed landslide 
areas for the Jiuzhaigou earthquake. In the first phase, the predictions from both the Shao2023 and 
Xu2019 models are roughly similar. In the VII-intensity zone, all models overestimate the landslide area, 
predicting the total landslide area of 5 km² versus the observed value of 1.2 km², highlighting a tendency 
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for near-real-time models to overestimate landslide hazard in lower-intensity regions. For the VIII and 
IX-intensity zones, the first-phase models generally underestimate the landslide area, though the 
Shao2023 model achieves slightly higher accuracy than the Xu2019 model. In the second phase, the 
predicted landslide area in the VIII-intensity zone increase significantly to 7.8 km², while predicted 
landslide area for the IX-intensity zone reached 4.5 km², showing notable improvement in overall 
accuracy, particularly in VIII and IX intensity areas. The third phase further refines predictions for these 
zones, with an estimated landslide area of 11.2 km² in the VIII-intensity zone, closely matching the 
observed landslide area of 12.8 km², and 5.9 km² in the IX-intensity zone, aligning closely with the 
observed value of 4.7 km².

 
Fig.4 Statistical Results of Predicted Landslide areas and observed landslide areas under different seismic intensity 

conditions across the three phases of the Jiuzhaigou earthquake

5.Conclusions
This study implemented a three-phase strategy for assessing earthquake-induced landslide hazards, 
encompassing the emergency response, mid-term resettlement, and reconstruction phases to meet the 
evolving demands of post-earthquake hazard management. Using case study of the Jiuzhaigou
earthquake, we applied different assessment models to predict landslide hazards. Results show that 
during the emergency response phase, the Shao2023 model outperformed the Xu2019 model in 
identifying high-hazard zones within high-intensity (VIII and IX) areas. For earthquakes, predictions 
from the Shao2023 model aligned closely with observed landslide data, proving effective for immediate 
post-earthquake hazard assessments. In the mid-term resettlement phase, partial acquisition of landslide 
data improved prediction accuracy for both models in high-intensity zones, though cloud cover limited 
performance in some areas. In the reconstruction phase, integrating a complete landslide inventory 
further improved model accuracy for both earthquakes, with AUC values exceeding 0.94 and predicted 
landslide areas closely reflecting actual distributions. While this three-phase approach demonstrated 
strong predictive capabilities, practical challenges remain. For the first phase, future work should 
consider adding landslide samples from diverse earthquake events and optimizing model parameters to 
improve adaptability across seismic contexts. In the mid-term and reconstruction phases, enhancing the 
completeness of landslide databases, expediting post-earthquake remote sensing data collection, and 
utilizing multi-source data integration will be essential to further refining model performance.
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