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ABSTRACT 
 

     The spatial distribution of ground motion intensity measures estimated through 
spatial interpolation is used for various purposes in the field of earthquake disaster 
prevention. While methods such as Simple Kriging and Inverse Distance Weighting are 
commonly used for spatial interpolation, we propose a new method based on Gaussian 
process regression to improve estimation accuracy. In the proposed method, spatial 
interpolation of ground motion intensity measures is performed in two steps. In the first 
step, spatial interpolation is conducted on the ground motion intensity measures after 
introducing virtual noise. In the second step, spatial interpolation is applied to the 
residuals between the observed values and the first-step estimates induced by the virtual 
noise. By summing the results of the first and second steps, the spatial distribution of 
ground motion intensity measures is obtained. The proposed method has two 
advantages: it mitigates the adverse effects of errors in the site amplification factor model 
on spatial interpolation, and it incorporates various explanatory variables without 
requiring explicit mathematical formulation. In this paper, the proposed method and its 
advantages are demonstrated through case studies using data from individual 
earthquakes. 
 
1. INTRODUCTION 
 
     In Japan, a dense nationwide network of permanent seismic observation stations 
has been established. This network enables the spatial distribution of ground motion 
intensity measures, such as instrumental seismic intensity, to be estimated immediately 
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after an earthquake by calculating these measures at each station and then applying 
spatial interpolation. The resulting spatial distribution of ground motion intensity 
measures has recently been used for various applications in earthquake disaster 
mitigation. For example, systems have been developed that automatically acquire 
seismic observation records, estimate the spatial distribution of ground motion intensity 
measures immediately after an earthquake, and distribute the resulting information 
(Yamamoto et al. 2020). This information is used to support post-earthquake decision-
making, such as determining whether inspections of social infrastructure are necessary. 
     In Japan, the spatial interpolation of ground motion intensity measures is generally 
performed by combining spatial interpolation methods, such as Simple Kriging and 
inverse distance weighting (IDW), with site amplification factors. This approach is based 
on rules derived from expert knowledge. Because rule-based methods require explicit 
mathematical formulations, the number of explanatory variables that can be incorporated 
is limited. In contrast, machine learning models do not require such formulations, allowing 
explanatory variables to be incorporated more flexibly. Motivated by these considerations, 
we previously proposed a spatial interpolation method for ground motion intensity 
measures based on Gaussian process regression, a machine learning technique 
(Tsukioka et al. 2026). In this paper, we demonstrate the proposed method and its 
advantages through case studies using data from individual earthquakes. 
 
 
2. PROPOSED SPATIAL INTERPOLATION METHOD  
 
     An overview of the proposed spatial interpolation method for ground motion 
intensity measures based on Gaussian process regression is presented in this section. 
In this approach, a Gaussian process regression model (Rasmussen et al. 2006) for the 
spatial interpolation of ground motion intensity measures is constructed using 
observations obtained from a single earthquake. In other words, a Gaussian process 
regression model is developed for each earthquake. 
     The method assumes a trend component that represents the large-scale spatial 
variation of the ground motion intensity measure. The objective variable of the Gaussian 
process regression is defined as the common logarithmic residual between the ground 
motion intensity measure 𝑧 and the trend component 𝑇 , denoted by 𝑦 (hereinafter 
referred to as the residual component). The trend component 𝑇 can be estimated using 
a ground-motion attenuation relation. The ground motion intensity measure 𝑧  is 
expressed in terms of 𝑇 and 𝑦 as follows: 
 

𝑧 = 10log𝑇+𝑦 (1) 

 
where log⁡ denotes the common logarithm. Let 𝑓 denote the predicted value of the 
residual component 𝑦 obtained using the Gaussian process regression model. Then, 
the estimated ground motion intensity measure 𝑧̂ is expressed as 
 

𝑧̂ = 10log𝑇+𝑓 (2) 
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As illustrated in Fig. 1, the proposed method performs Gaussian process regression in 
two steps. The procedure is described below. 
[1] Let 𝑓1 denote the value estimated by the first-step Gaussian process regression 

model. The model is then constructed to satisfy 
 

𝑦 = 𝑓1 + 𝜖 (3) 

 
where 𝜀(𝜀 ∼ 𝑁(0, 𝜎2)) is a virtual noise term that models the estimation error of 
𝑓1 arising from variations that cannot be explained by the available information 
(hereinafter referred to as the random component). Because of the virtual noise term 
𝜀, a discrepancy is introduced between the first-step estimates and the observed 
values. Since this discrepancy is an artifact of the first-step model rather than a 
physical discrepancy, it is removed through the second-step estimation described 
below. 

[2] In the second step, the spatial distribution of the virtual noise term 𝜀 is estimated, 
and the estimated noise is added to the first-step estimates, thereby correcting the 
discrepancy described above. In other words, the objective of the second step is to 
smoothly connect the first-step estimates with the observed values by approximately 
reproducing the random component near the observation sites. Let 𝑓2 denote the 
value estimated by the second-step Gaussian process regression model. The model 
is then constructed so as to satisfy 𝜖 ≅ 𝑓2. 

[3] By replacing 𝜀  with 𝑓2  in Eq. (3), the estimated value of 𝑦 , denoted by 𝑓 , is 
obtained as follows: 

 
𝑓 = 𝑓1 + 𝑓2 (4) 

 
Substituting Eq. (4) into Eq. (2), the ground motion intensity measure 𝑧̂ estimated 
by the proposed method is expressed as follows: 
 

𝑧̂ = 10log𝑇+𝑓1+𝑓2 (5) 

 
By introducing the virtual noise term in this manner, the proposed method can mitigate 
the effects of modeling errors in the site amplification factors. This aspect is discussed in 
detail in Section 4.2.1. 

 
Fig. 1 Proposed method based on Gaussian process regression 
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3. ANALYSIS CONDITIONS 
 
3.1 Dataset and Evaluation Procedure 
     The proposed method was evaluated using seismic records obtained from the K-
NET and KiK-net (NIED 2019) strong-motion observation networks between June 1996 
and July 2024. Peak ground velocity (PGV) at the ground surface was adopted as the 
target variable for spatial interpolation. Because distant earthquakes have only a limited 
impact on social infrastructure, only observation sites located within a hypocentral 
distance of 200 km were considered. In addition, earthquakes with fewer than 50 
observation sites within a hypocentral distance of 200 km and earthquakes with a 
magnitude smaller than 5.0 were excluded from the analysis. Consequently, a total of 
1,093 earthquakes were used in this study. 
     The estimation accuracy was evaluated using the cross-validation procedure. The 
K-NET and KiK-net observation sites were randomly divided into training and validation 
sets at a ratio of 80:20 based on their station codes. Five partitioning cases were 
generated such that the station codes assigned to the validation set were mutually 
exclusive across the cases. For each earthquake, the PGV at the validation sites was 
estimated using the PGV observed at the training sites. This procedure was repeated for 
all earthquakes and all partitioning cases. The estimated and observed PGV values from 
all cases were then combined into a single dataset, hereinafter referred to as the 
validation dataset. To avoid unnecessarily complicating the evaluation conditions, the 
same partitioning cases were applied to all earthquakes. The geographic coordinates 
associated with each station code reflected any station relocations. 
 
3.2 Analysis Cases 
     In this study, the estimation accuracy of the conventional method based on Simple 
Kriging and site amplification factors and that of the Gaussian process regression method 
described in Section 2 were evaluated using the procedure described in Section 3.1. The 
former estimates the trend component at the engineering bedrock, whereas the latter 
estimates it at the ground surface. In both methods, the functional form of the attenuation 
relation proposed by Si and Midorikawa (1999) was used to estimate the trend 
component. In this equation, the hypocentral distance was used instead of the shortest 
fault distance, and the distance-dependent weighting scheme proposed by Morikawa and 
Fujiwara (2013) was applied to each record. For the conventional method, the 
explanatory variables consisted of latitude, longitude, and the surface ground 
amplification factor for PGV (NIED 2019). For the Gaussian process regression method, 
the explanatory variables additionally included deep subsurface information (depths to 
the tops of the layers with 𝑉𝑠 = 600, 1100, 1400, 2100, and 3100 m/s) (NIED 2019) and 
topographic information (elevation, slope, and relief) (MLIT). 
     For the conventional method based on Simple Kriging and site amplification factors, 
an exponential semivariogram model was adopted. The range and nugget were fixed at 
20 km and 0, respectively, whereas the sill was set to the variance of the residual 
component at the engineering bedrock. 
     For the Gaussian process regression method described in Section 2, the first-step 
estimation employed a Matérn 3/2 kernel with the explanatory variables described above. 
In the Gaussian process regression model, each explanatory variable is associated with 
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a length scale that determines the degree of correlation with the target variable. In this 
study, the length scale for each explanatory variable was optimized using Automatic 
Relevance Determination (ARD) based on the observation data. To mitigate overfitting, 
gamma distributions, as shown in Fig. 2, were assumed as the prior distributions of the 
length scales. 
     The second-step estimation aims to approximately reproduce the random 
component that cannot be explained by the first-step Gaussian process regression near 
the training observation sites. Therefore, only latitude and longitude were used as 
explanatory variables, and a common length scale was assigned to both variables. In 
addition, an exponential kernel was adopted as the covariance function. 
 
 
4. ANALYSIS RESULTS 
 
4.1 Comparison of Estimation Accuracy 
     The difference in estimation accuracy between the conventional method and the 
Gaussian process regression method for the 𝑖-th earthquake is evaluated using Eq. (6). 
 

ΔRMSLEi = RMSLEi
GPR − RMSLEi

KRG (6) 

 

Here, RMSLEi
GPR and RMSLEi

KRG denote the root mean squared logarithmic error 

(RMSLE) evaluated using the validation dataset for the Gaussian process regression 
method and the conventional method, respectively. Let 𝑀𝑖 denote the number of ground 
motion records within a hypocentral distance of 200 km for the 𝑖-th earthquake. Figure 3 
shows the relationship between 𝑀𝑖 and ΔRMSLEi, classified by earthquake magnitude 

M. In the figure, the average values are shown for intervals of 𝑀𝑖⁡with a bin width of 50 
(i.e., 50 ≤ 𝑀𝑖 < 100, 100 ≤ 𝑀𝑖 < 150, and so on). Cases with 𝑀𝑖 > 350 were excluded 
because the number of earthquakes was too small to ensure reliable evaluation. As 
shown in Fig. 3, the Gaussian process regression method consistently outperforms the 
conventional method in terms of estimation accuracy, and its advantage generally 
becomes more pronounced as the earthquake magnitude increases. For larger 
earthquakes, the longer wavelengths of seismic waves cause ground motions to be more 
strongly influenced by the deep subsurface structure, resulting in a greater advantage for 

 
Fig. 2 Gamma distributions 

 
Fig. 3 Comparison of estimation accuracy 

 

Pr
ob

ab
il

it
y 

de
ns

it
y

Length scale

M  5 
M  6 
M    



The 2026 World Congress on
The 2026 Structures Congress (Structures26)
23-25, August, 2026, Convensia, Incheon, Korea

  

the Gaussian process regression method, which incorporates deep subsurface 
information. 
 
4.2 Case Study of a Specific Earthquake 
4.2.1 2001 Geiyo earthquake 
     A case study was conducted for the 2001 Geiyo earthquake. Fig. 4 shows the 
relationship between epicentral distance and PGV estimated by the conventional method 
and the Gaussian process regression method. The plots in each panel represent the 
combined results from the validation datasets of all five partitioning cases. As shown in 
Fig. 4(a), the estimates obtained by the conventional method exhibit considerable scatter 
at epicentral distances between 30 and 50 km. Liquefaction has been reported at several 
observation sites within this distance range (Tachi 2001). Therefore, nonlinear site 
response likely occurred in this region. However, the site amplification factors used in 
this study do not account for such nonlinear behavior. Consequently, modeling errors in 
the site amplification factors are likely to have caused the scatter in Fig. 4(a). In contrast, 
the Gaussian process regression method exhibits little scatter within this distance range, 
indicating that the introduction of the virtual noise term effectively mitigates the influence 
of modeling errors in the site amplification factors. 
4.2.2 2014 Northern Nagano Prefecture Earthquake 
     A case study was conducted for the 2014 Northern Nagano Prefecture earthquake. 
Fig. 5 shows the distribution of D1400 (depth to the top of the 𝑉𝑠 =1400 m/s layer) around 
the hypocenter. Fig. 6 shows the common logarithmic residuals of PGV 
(log10(𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑) − log10(𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑)) for the conventional method and the Gaussian 
process regression method at each observation site. The residuals shown in Fig. 6 
represent the combined results from the validation datasets of all five partitioning cases. 
As shown in Fig. 5, a region with relatively large D1400 values extends northeastward 
from the hypocenter. In Fig. 6(a), large residuals are observed in the same region 
(highlighted by the blue box), suggesting that they reflect the influence of the deep 
subsurface structure. This influence cannot be adequately accounted for by the 
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Fig. 4 Relationship between PGV and epicentral distance 
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conventional method, which uses only the surface ground amplification factor. In contrast, 
the residuals in this region are substantially reduced in Fig. 6(b), indicating that 
incorporating D1400 as an explanatory variable in the Gaussian process regression 
model allows the estimates to better capture the influence of the deep subsurface 
structure. 
      

 
Fig. 5 Depth to the top of the layers with 𝑉𝑠 =1400 m/s 
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Fig. 6 Logarithmic residuals of PGV 
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5. CONCLUSIONS 
 
     A spatial interpolation method for ground motion intensity measures based on 
Gaussian process regression was proposed. Compared with the conventional method 
based on Simple Kriging and site amplification factors, the proposed method has the 
following advantages:  

➢ By introducing a virtual noise term, the proposed method mitigates the adverse 
effects of modeling errors in the site amplification factors on estimation accuracy. 

➢ The conventional method generally considers only the surface ground amplification 
factor, whereas the proposed method can readily incorporate a wide variety of 
explanatory variables. In this study, incorporating deep subsurface information 
improved the estimation accuracy. 

It should be noted that Gaussian process regression is susceptible to the curse of 
dimensionality, whereby the performance of the model deteriorates as the dimensionality 
increases. In the proposed method, the estimation accuracy also decreased in some 
cases as the number of explanatory variables increased. Future work will focus on 
improving the proposed method to handle such cases robustly. 
 
REFERENCES 
Ministry of Land, Infrastructure, Transport and Tourism (MLIT): National Land Numerical 

Information Download Service. 
Morikawa, N. and Fujiwara, H. (2013): A New Ground Motion Prediction Equation for 

Japan Applicable up to M9 Mega-Earthquake, Journal of Disaster Research, 8(5), 
878–888. 

National Research Institute for Earth Science and Disaster Resilience (NIED) (2019): 
Japan Seismic Hazard Information Station (J-SHIS). DOI: 
https://doi.org/10.17598/NIED.0010 

National Research Institute for Earth Science and Disaster Resilience (NIED) (2019): 
NIED K-NET, KiK-net. DOI: https://doi.org/10.17598/NIED.0004 

Rasmussen, C. E. and Williams, C. K. I. (2006): Gaussian Processes for Machine 
Learning, MIT Press. 

H. Si and S. Midorikawa (2000): NEW ATTENUATION RELATIONS FOR PEAK 
GROUND ACCELERATION AND VELOCITY, Proceedings of the 12th World 
Conference on Earthquake Engineering (12WCEE), Paper No. 0532. 

Tachi, Y., Asaka, Y. and Shamoto, Y. (2001): Liquefaction Damage Caused by the 2001 
Geiyo Earthquake, PROCEEDINGS OF THE JSCE EARTHQUAKE ENGINEERING 
SYMPOSIUM, 89-92 (in Japanese). 

Tsukioka, K., Iwata, N. and Maruyama, Y. (2026), “Spatial interpolation of ground motion 
intensity measures based on two-step gaussian process regression”, Journal of Japan 
Association for Earthquake Engineering, 26(2), 22-42 (in Japanese). 

Yamamoto, S., Murono, Y., Iwata, N., Sakai, K., Aoi, S., Nakamura, H., and Suzuki, W. 
(2020): Real-Time Estimation of Earthquake Damage on Railway, 17th World 
Conference on Earthquake Engineering, 6a-0006. 

Yamazaki F, Motomura H, Hamada T.: Damage assessment of expressway networks in 
Japan based on seismic monitoring, Proceedings of 12th world conference on 
earthquake engineering, 2000 (CD-ROM). 

 


