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Abstract: Earthquakes can result in significant human and economic losses, primarily caused by building 

collapses over vast areas. It is crucial to identify and assess structural damage on a regional scale to effectively 

respond to emergencies and manage post-disaster scenarios. Typically, the evaluation of structural damage 

involves labour-intensive inspections of individual buildings during field reconnaissance missions conducted 

after earthquakes. These missions can be costly and time-consuming, particularly when large areas require 

investigation Remote sensing techniques offer a cost-effective alternative to on-site inspections by providing 

frequent observations over vast regions. However, existing remote sensing techniques have limitations in 

identifying damage beyond severe or complete building collapses. These techniques typically rely on 

qualitative observations of building shape and regularity derived from satellite imagery, failing to incorporate 

structural information about the building response. As a result, quantitative assessment of damage and the 

detection of moderate levels of damage remain challenging. In this study, we propose a new methodology that 

uses building displacements as key indicators of the building response to earthquakes, enabling a quantitative 

assessment of damage. Airborne Light Detection And Ranging (LiDAR) data acquired before and after an 

earthquake were used to estimate seismic-induced building displacements. Then, the LiDAR-based building 

displacements were integrated with structural damage indicators to quantify building damage levels. To 

validate the proposed approach, we applied it to analyse 684 buildings affected by the 2014 South Napa 

earthquake in California. Results showed that most structures experienced slight to moderate damage, 

indicating good agreement with in-situ observations. This work highlights the potential of remote sensing 

LiDAR data in accurately quantifying damage levels and facilitating effective disaster management.  

1. Introduction 

Earthquakes are one of the most threatening hazards in the world, causing human and economic losses. The 

most impactful damage is often due to structural collapses as a result of earthquake-induced ground shaking. 

This emphasises the need for post-earthquake structural damage assessment to aid the rescue process and 

the identification of buildings that need to be access-restricted for safety purposes (Macabuag et al., 2022). 
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Typically, engineers perform time-consuming and expensive building-by-building inspections during post-

earthquake field reconnaissance missions (Whitworth et al., 2022), limiting assessments to sparse 

observations. A more cost-effective and widespread solution is offered by remote sensing techniques, which 

provide frequent, extensive observations over large regions (Voigt et al., 2007). These techniques primarily 

rely on post-event data classification and multi-temporal change detection analysis to identify damaged 

structures. Classification-based methods involve analysing post-earthquake satellite imageries to distinguish 

between damaged and undamaged buildings (Du et al., 2020, Eslamizade et al., 2021), while change detection 

methods use satellite data collected before and after the seismic event to identify significant changes in the 

environment (Karimzadeh et al., 2018). These methods are often combined with a categorisation process to 

classify the observed changes into distinct damage levels (Giardina et al., 2023).  

Although these techniques succeed in distinguishing between collapsed and undamaged buildings, they fail 

to quantify the intermediate damage levels, especially in case of slight to moderate damage. A more effective 

approach involves measuring building displacements, which are directly linked to building deformations and 

can provide insights into failure mechanisms. Differential LiDAR-based approaches can be used to measure 

building displacements. Among these approaches, Iterative Closest Point (ICP) can align two 3D point clouds 

acquired at different times by minimising the distance between the clouds (Besl and McKay, 1992, Chen and 

Medioni, 1992). The ICP method can be used to estimate building displacements by aligning two sets of 

building point clouds acquired before and after an earthquake. 

In this study, we developed a new methodology to quantitatively assess earthquake-induced structural damage 

by using building displacements derived from LiDAR remote sensing data in integration with structural analysis. 

LiDAR datasets acquired before and after the 2014 South Napa earthquake were used to test the proposed 

assessment method, and results were compared with field surveys (Hudnut et al., 2014, Cal OES, 2014). 

 

Figure 1. Case study area, showing the regions covered by pre- and post-event LiDAR data. Red lines indicate 

fault ruptures (Ponti et al., 2019). The black polygons refer to building footprints, obtained from OpenStreetMap 

(OSM) (OpenStreetMap, 2020) and the Napa municipality (County of Napa, 2021).  
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2. Case study and datasets 

On August 24, 2014, a magnitude Mw 6.0 earthquake occurred north of San Francisco, causing significant 

damage in the area, including the city of Napa. The epicentre was located at the southern end of Napa Valley 

at a depth of 10km, roughly 8km southwest of Napa, California. The earthquake caused fractures along several 

strands of the West Napa fault zone, spanning from nearly 12 to 15km from the town of Cuttings Wharf in the 

south to outside the northern boundary of Alston Park in the city of Napa (Figure 1).Co-seismic slip ranged 

from 1.5 to 46 cm along the earthquake rupture (Brocher et al., 2015). After slip varied up and down the fault, 

ranging from 10−20 mm per day in some locations to just over 40 mm in Browns Valley after 60 days (Hudnut 

et al., 2014). 

A pre-earthquake LiDAR dataset was collected over Napa County on June 7th, 2014, using a Leica ALS60 

with a nominal point density of 8 pts/m2. Following the earthquake rupture in August, a post-earthquake 

dataset was acquired by an Optech Orion M300 scanner with a point density of ∼ 11.4 pts/m2 (Lyda et al., 

2016). The study presented in this paper focuses on the overlapping area covered by both surveys, equal to 

approximately 4.7 km2.  

We used field measurements of lateral ground offsets collected by the U.S. Geological Survey (USGS) team 

to validate the bare-ground displacements derived by LiDAR data. Structural damage estimated from the Lidar 

displacements was compared with on-site building damage assessment conducted by the California 

Governor’s Office of Emergency Services (Cal OES) (Cal OES, 2014). Cal OES tagged buildings with yellow 

to indicate usage restrictions and red to signify they were unsafe for occupancy. 

3. Methodology 

The proposed method integrates building displacements obtained from LiDAR data with structural analysis to 

estimate drift measurements, serving as an indicator of damage. Figure 2 shows a schematic summary of the 

method. 

 

Figure 2. Flowchart of the proposed method. 

LiDAR is an active remote sensing technology, using the near-infrared range of the electromagnetic spectrum 

to acquire data of the Earth’s surface. LiDAR sensors emit a laser pulse toward the ground surface and record 

the time it takes for the pulse to return to the sensor. This process yields distance measurements, allowing for 

the precise calculation of 3D coordinates for Earth features represented in point cloud forms. In addition to the 

scanner, a LiDAR system includes positioning and navigation devices, such as the Global Positioning System 

(GPS) and Inertial Measurement Unit (IMU), to determine the absolute position and rotation of the sensor 

(NOAA, 2012). 

Airborne LiDAR point clouds can be processed through the ICP technique to retrieve seismic deformations 

(Nissen et al., 2012, Scott et al., 2018, Lyda et al., 2016, Zhang, 2016). The main idea behind using ICP 

registration for seismic displacement analysis is that the vectors aligning pre- and post-earthquake clouds 

represent ground surface movements.  
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The method designates one of the clouds as a fixed reference and iteratively aligns the other cloud to the 

reference cloud through a repetitive alignment procedure. First, for every point in the second cloud, a 

corresponding point is identified in the reference cloud based on the nearest Euclidean distance. Second, a 

rigid body transformation, comprising a translation vector and a rotation matrix, is applied to the second cloud. 

This transformation aims to minimise the Mean Square Error (MSE) between all corresponding pairs. As the 

correspondences between points progressively improve, the second point cloud iteratively moves closer to 

being aligned with the reference cloud. This process continues until the MSE either stabilizes (no further 

change) or reaches a predetermined threshold. 

In this study, we classified bare ground and building LiDAR points based on their height information. The ICP 

registration method was then applied to the pre- and post-event bare ground point clouds to obtain the bare 

ground displacements. We performed a window-based ICP registration (Nissen et al., 2012). As the ground 

displacements might be spatially different from near-fault areas to more distant locations, we split datasets into 

windows so that each window is transformed separately. We used window size of 100m and step size of 25m 

(Zhang, 2016) to register the bare ground point clouds. To exclude misclassification points and outliers, we 

added a rejection step based on the distance and normal vector compatibility criteria to exclude invalid 

correspondences from the ICP processing chain.  

The point observations of each building roof from before and after the earthquake were also aligned to estimate 

the total building displacements. We extracted points within a buffer around each building to estimate an 

average bare ground displacement value. We then subtracted the amount of averaged bare ground 

displacements from the total building displacement vectors, to estimate the building residual displacements. 

In the next step, the maximum value of the residual displacement of each structure was divided by the building 

height to obtain drift ratios, 𝐷 (Pitilakis et al., 2014). The damage level was then categorised as negligible for 

𝐷 < 0.42%, slight for 0.42% ≤ 𝐷 < 1%, moderate for 1% ≤ 𝐷 < 3.2%, extensive for 3.2% ≤ 𝐷 < 7.9%, and 

complete for 𝐷 ≥ 7.9% (FEMA, 2006). 

4. Results 

Figure 3 illustrates the bare ground displacement maps obtained from the ICP registration method. According 

to Figure 3 (a-c), some areas exhibit significant displacements, indicated by dark blue or bright yellow colours. 

These regions correspond to locations where no post-event data is available, causing the method to identify 

incorrect corresponding point in the reference data cloud. To address this issue, an additional rejection step 

was added to the ICP chain, excluding corresponding pairs with distance greater than 30 cm and normal angle 

exceeding the average normal angles within the paired window. Figure 3 (b-d) illustrate the corrected ground 

displacement maps after applying the rejection step. The Y component shows larger displacements, with 

positive displacement on the left side and negative displacement on the right side of the fault rupture, 

respectively. This aligns with the seismic behaviour observed in the area of interest, characterized as right 

lateral strike-slip. Furthermore, our study aligns with the findings of other studies in the Browns Valley region, 

such as the research conducted by Lyda et al. (2016). Their work identified similar ground displacement in 

terms of both direction and magnitude. However, their results indicated certain areas where the ground moved 

in the same direction on both sides of the main rupture. In contrast, our study delineates a distinct difference 

in the displacement pattern, accurately indicating the location of the fault rupture. 

To calculate the residual movements for each building, it was necessary to remove the ground movement 

components from the total building displacements. To achieve this, a 4m buffer zone was applied around each 

building footprint to extract the average ground displacements beneath the corresponding structure. Then, the 

average ground values were subtracted from the total building displacements to estimate the residual 

displacements. These residual displacements were then used to obtain the drift ratios and implement the 

damage classification. The distribution of obtained damage levels is illustrated in Figure 4, which shows that 

the majority of buildings exhibited moderate levels of damage, with only a few suffering severe damage. 

We validated the bare-ground displacements through comparison with the field observations collected by the 

USGS team (Hudnut et al., 2014). The USGS team measured right-lateral offsets along the fault strands at 

various locations. Within all the observations along trace A, only one offset observation of 36 cm is included in 

our study area (Figure 5). 
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(a) (b) 

  

(c)  (d) 

Figure 3. LiDAR-derived bare ground displacement maps in (a) X, and(c) Y directions. Figures (b) and (d) show 

the corresponding maps where false pairs were removed. 

As the precise location of this measurement was unspecified, we analysed a range of displacement values 

along the fault strand in a nearby area. This led to the creation of three perpendicular cross-sections, each 

stretching 200 m, placed at 50 m intervals. To estimate the cross-sectional displacement, we defined a 1m-

wide buffer zone on either side of each cross-section. Within these buffer zones, we identified displacement 

points in the Y-direction. We then computed the average Y-direction displacement magnitudes on each side 

of the cross-section. To determine the Y-direction displacement offset for each cross-section, we calculated 

the difference between the average magnitude on the right side and the average magnitude on the left side. 

Since the LiDAR measurements were in geographical coordinates, the LiDAR-derived offsets correspond to 

displacements along the North-South direction. Thus, to compare these offsets with the field observations, we 

projected the LiDAR-derived offsets onto the fault direction using the angle between the offset displacement 

vector and the fault line. The average magnitude of LiDAR-derived offsets projected along the fault rupture 

was found to be 35.9 cm, showing a good agreement between the LiDAR analysis and the in-situ observation. 

To validate the building-level results, we used information from buildings that were tagged by the Cal OES 

(Cal OES, 2014). 38 yellow-tagged and 1 red-tagged buildings were included in our area of interest. As shown 

in Table 1, results indicate a strong correspondence between the moderate levels of damage inferred from the 

LiDAR analysis and the yellow-tagged buildings. 
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Figure 4. Building damage map. Building damage levels are based on the residual drift ratios derived from 

LiDAR displacement measurements. 

 

Figure 5.  In-situ right-lateral displacements along trace A. 
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Table 1. Distribution of LiDAR-based damage levels for the 38 yellow-tagged buildings in the area of interest. 
 

Damage level No. of buildings 

Negligible 12 

Slight 6 

Moderate 19 

Extensive 1 

Complete 0 

 

5. Conclusion 

This study introduces a new method for assessing earthquake-induced building damage on a regional scale, 

using remote sensing LiDAR point cloud data in combination with structural engineering parameters. By using 

the ICP registration technique, we estimated the displacements of buildings and the ground, to obtain building 

drifts and categorise damage levels. The method was applied to assess the buildings affected by the 2014 

South Napa earthquake in California, confirming its capability to detect slight to moderate damage levels, 

which are often challenging to identify. This study highlights the potential of the integration of LiDAR-based 

displacement measurements with structural analysis methods, offering a more accurate approach to post-

earthquake damage assessment over vast regions. 
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