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Abstract 

Ground motion selection has become increasingly central to the assessment of earthquake resilience. The 

selection of ground motion records for use in nonlinear dynamic analysis significantly affects structural 

response. This, in turn, will impact the outcomes of earthquake resilience analysis. This paper presents a 

new ground motion clustering algorithm, which can be embedded in current ground motion selection 

methods to properly select representative ground motion records that a structure of interest will 

probabilistically experience. The proposed clustering-based ground motion selection method includes four 

main steps: 1) leveraging domain-specific knowledge to pre-select candidate ground motions; 2) using a 

convolutional autoencoder to learn low-dimensional underlying characteristics of candidate ground 

motions’ response spectra – i.e., latent features; 3) performing k-means clustering to classify the learned 

latent features, equivalent to cluster the response spectra of candidate ground motions; and 4) embedding 

the clusters in the conditional spectra-based ground motion selection. The selected ground motions can 

represent a given hazard level well (by matching conditional spectra) and fully describe the complete set of 

candidate ground motions. Three case studies for modified, pulse-type, and non-pulse-type ground motions 

are designed to evaluate the performance of the proposed ground motion clustering algorithm 

(convolutional autoencoder + k-means). Considering the limited number of pre-selected candidate ground 

motions in the last two case studies, the response spectra simulation and transfer learning are used to 

improve the stability and reproducibility of the proposed ground motion clustering algorithm. The results 

of the three case studies demonstrate that the convolutional autoencoder + k-means can 1) achieve 100% 

accuracy in classifying ground motion response spectra, 2) correctly determine the optimal number of 

clusters, and 3) outperform established clustering algorithms (i.e., autoencoder + k-means, time series k-

means, spectral clustering, and k-means on ground motion influence factors). Using the proposed 

clustering-based ground motion selection method, an application is performed to select ground motions for 

a structure in San Francisco, California. The developed user-friendly codes are published for practical use. 

                                                      
1 Postdoctoral Scholar, Department of Civil and Environmental Engineering, University of California, Berkeley, CA, 
Email: yimjia@berkeley.edu 
2 Professor, Department of Civil and Environmental Engineering, Northeastern University, Boston, MA, Email: 
sasani@neu.edu, Tel: 617-373-5222 

mailto:yimjia@berkeley.edu
mailto:sasani@neu.edu


2 

 

KEYWORDS: Ground Motion Selection; Convolutional Autoencoder; K-Means Clustering; Response 

Spectra; Conditional Spectra; Machine Learning 

1. Introduction 

Ground motion (GM) selection has received increasingly more attention in earthquake resilience studies in 

the past decades, because it provides the necessary link between seismic hazard and structural response [1], 

[2], [3], [4], [5], [6], [7], [8], [9]. Selected GMs can significantly affect the nonlinear dynamic response of 

a structure [2], [3], which provides information used to define the engineering demand parameters upon 

which earthquake resilience evaluation relies (e.g., the maximum transient and permanent interstory drift 

indices). In general, GM selection can affect conclusions regarding performance-based assessment, such as 

structural safety and community resilience. Meanwhile, owing to the evolution of engineering software 

(e.g., OpenSees [10]), complex structures can be modeled and analyzed nonlinearly. The computational 

cost of carrying out reliable nonlinear time history analyses of complex structures is high, however, and 

therefore necessitates limiting the number of selected GMs. Thus, methods for GM selection have two 

objectives: 1) selecting GMs that can represent a given seismic hazard level and 2) selecting as few GMs 

as possible to minimize the number of required nonlinear dynamic analyses.  

Spectral matching-based GM selection methods have been widely used to achieve the above-mentioned 

objectives. For community or regional resilience analysis, one approach is that the response spectra of GMs 

are calculated, scaled at a period of interest, and collectively matched with a target mean and variance of 

response spectral values of conditional spectra (CS) over a range of periods [3], [4], [11], [12], [13], [14], 

[15]. In these selection methods, the candidate GMs are pre-selected from a database for a given 

seismological condition (e.g., magnitude, distance, rupture mechanism, site class, etc.). A set of GMs is 

then selected from the pool of candidate GMs to match the CS. Improved by [2], [7], [8], [9], a range of 

scale factors is employed to remove unrealistic candidate GMs, and a portion of the selected GMs are 

chosen to be pulse-type since pulse-type GMs have a larger damage potential than non-pulse-type GMs. 

With the existing methods, even if the response spectra of selected GMs match the CS, the selected GMs 

may not properly represent the candidate GMs. 

One way to further improve the current CS-based GM selection methods is to classify GM response spectra 

(either directly or based on their underlying characteristics) and proportionally select the GMs based on the 

number of candidate GMs in each cluster to match the CS. In other words, the GM clustering algorithm is 

embedded in the GM selection process as an additional step between GM pre-selection and CS matching. 

Proportionally selecting GMs from each cluster to match the CS can maintain diversity across the GMs 

with different underlying characteristics and consider the weights of underlying characteristics. In doing so, 
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the resulting selected GMs can describe the complete set of candidate GMs (which include all candidate 

GMs from the pre-selection). However, commonly used clustering algorithms, such as k-means [16], [17], 

Gaussian mixture model [18], and hierarchical clustering [19], [20], work properly for low-dimensional 

data [21], but may not be suitable for clustering GM response spectra (as high-dimensional time series data) 

[6], [22], [23]. Spectral clustering [24], [25], [26] can classify GM response spectra via dimensionality 

reduction, but its efficacy decreases when the GM response spectra are similar to each other (illustrated by 

the case studies in Section 3). Advances in machine learning have facilitated the development of several 

clustering algorithms that are explicitly designed for time series classification. Huang et al. [27] proposed 

a k-means-type smooth subspace clustering algorithm to organize time series data into homogeneous groups 

where the similarities among time series in the same group are maximized. Improved upon by [6], an 

unsupervised machine learning algorithm was developed for sequential clustering and used to classify GM 

response spectra (hereinafter referred to as time series k-means). As with spectral clustering, the efficacy 

of time series k-means decreases when the GM response spectra are similar to each other, and the optimal 

number of clusters cannot be definitively identified. Bond et al. [28] developed an autoencoder (AE) to 

uncover the machine-learned low-dimensional underlying characteristics of GM response spectra – latent 

features, which can be classified by commonly used clustering algorithms (e.g., k-means clustering). AE is 

a type of neural network intended to learn compressed representations (latent features) of unlabeled data 

[29], [30]. It is worth noting that the AE developed by [28] only uses fully connected layers, which may 

not be suitable for time series data, particularly compared to convolutional layers. It has been shown that 

convolutional layers can extract the strong one-dimensional temporal locality of time series by convolving 

a sequence of input across the entire temporal space [31], [32], [33], [34], [35], [36]. The incorporation of 

convolutional layers in an AE, which results in a convolutional autoencoder (CAE), has been successfully 

employed for time series classification (e.g., [30], [37], [38], [39]).  

This paper introduces a clustering-based GM selection method comprised of four main steps: 1) leveraging 

domain-specific knowledge to pre-select candidate GMs, 2) using a CAE to learn the latent features of the 

response spectra of candidate GMs, which effectively reduces the dimensionality of data to be classified, 

3) performing k-means clustering to classify the learned latent features, which is identical to clustering the 

GM response spectra, and 4) finally, selecting GMs form the clusters (proportional to the number of GMs 

in each cluster) to match the CS. It is worth noting that, as the outcome of CAE (a black box model), latent 

features are the machine-learned low-dimensional underlying characteristics of GM response spectra [28]. 

They can be interpreted as the extracted features, which preserve the essential patterns in the original data 

– GM response spectra. Although latent features do not have any physical interpretation from a 

seismological point of view, clustering based on latent features can yield similar results to clustering on the 

GM response spectra (illustrated by the case studies presented in Section 3). The GM response spectra 
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classified in the same cluster are cohesive, compact, and close to each other. In other words, the clusters 

can indeed serve as indicators to show patterns in the GM response spectra. In general, the GM selection 

method proposed in this paper embeds the GM clustering algorithm (CAE + k-means) in the current CS-

based selection protocol. The main advantage of the proposed GM selection method is that the selected 

GMs not only represent a given hazard level well (by matching CS) but also fully describe the complete set 

of candidate GMs. However, it is worth noting that the potential misrepresentation of GM due to the scaling 

for CS matching is not considered in this paper. 

As the key component of the proposed clustering-based GM selection, the CAE + k-means is validated 

through case studies. The results indicate that the CAE + k-means can accurately classify GM response 

spectra, correctly determine the number of clusters in GM response spectra. For comparison purposes, 

established clustering algorithms for GM responses spectra (or in general for time series data), including  

AE + k-means [28], time series k-means [6], spectral clustering [24], [25], [26], and k-means on GM 

influence factors [21] (magnitude and Joyne-Boore distance, Rjb, [40]), are also evaluated. The comparison 

results demonstrate that the CAE + k-means outperforms the above-mentioned established clustering 

algorithms (see Section 3). Using the proposed clustering-based GM selection method, an application is 

performed for a structure in San Francisco, California. The codes, which are user-friendly (no training in 

machine learning is required) for practical use by practitioners in ground motion clustering and selection, 

will be publicly available on GitHub at https://github.com/yimjia/Ground-Motion-Clustering-and-Selection 

after the paper is published. 

 

2. Methodology  

The main steps of the proposed clustering-based GM selection method are illustrated in Figure 1. These 

steps are discussed in detail in the following subsections.  

https://github.com/yimjia/Ground-Motion-Clustering-and-Selection
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Figure 1. Flowchart of the main steps in the proposed clustering-based GM selection method 

 

2.1. Ground motion pre-selection 

In order to better represent the seismic hazard for a structure of interest, GMs are pre-selected by leveraging 

domain-specific knowledge. Restrictions to GM pre-selection are often imposed based on the type of 

expected fault, ASCE 7 site class [41], and range of magnitudes. For a given structure of interest, the fault 

type and site class can be determined by geology and seismology. Of these considerations, the range of 

magnitudes has been found to contribute most significantly to the seismic hazard based on analysis of 

deaggregated USGS hazard data [42]. In the context of community resilience, the response spectra of GMs 

are calculated and often scaled to the fundamental period of the primary structure of interest [12]. In this 

paper, scale factors are limited to between 0.25 and 4 based on the recommendations in [41] and [43]. 

Furthermore, considering that pulse-type GMs have a larger damage potential than non-pulse-type GMs 

[2], [7], [8], [9], the pre-selection procedure is conducted for both pulse-type and non-pulse-type GMs. 

Due to the above-mentioned restrictions for GM pre-selection, the number of pre-selected GMs (also known 

as candidate GMs) can be reduced from thousands (e.g., [28]) to hundreds. The candidate GMs are specific 

to the structure of interest. From a machine learning perspective, GM pre-selection is analogous to a data 

cleaning process that removes irrelevant data and improves the machine learning model’s performance.  

 

2.2. Convolutional autoencoder  

An AE is a type of artificial neural network used to learn latent features (i.e., low-dimensional underlying 

characteristics) of unlabeled data [29], [30], which, in this paper, are the candidate GMs’ response spectra. 

Considering that GM response spectra are time series, convolutional layers, which can successfully extract 
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3.3. Non-pulse-type ground motions 

As another case study, a set of 36 non-pulse-type GMs is manually selected, which can be potentially 

classified as 3 clusters. As shown in Figure 17(a), the scaled ln𝑆𝑆𝑎𝑎 of these 36 non-pulse-type GMs fall 

clearly into three distinct groups for the period range from 1.5s to 2.0s. Therefore, these groups are 

identified as three clusters in practice and shown in Figure 17(b). The response spectra simulation, CAE 

architecture, and settings for the pre-trained and fine-tuned CAEs are the same as those used in Section 3.2. 

The pre-trained and fine-tuned CAEs are trained using 6,120 simulated response spectra and 36 non-pulse-

type GM response spectra, respectively. The resulting silhouette scores indicate that the optimal number of 

clusters is three (see Figure 18(a)). The first three principal components of the learned latent features are 

assigned to these three clusters and shown in Figure 18(b). It is worth noting that there is no significant 

difference between the silhouette scores for different numbers of clusters, and the first three principal 

components of learned latent features are not clearly separate as they were in the previous case study (see 

Figure 15(b)). This is due primarily to the high difficulty level of this classification task, in which only a 

quarter of scaled response spectra are clearly separated. To illustrate the change in the clustering results 

with respect to the CAE training process, Figure 19 shows the resulting clusters obtained using the pre-

trained CAEs at 1,000 and 10,000 epochs, which are denoted as initial and final, respectively. At the initial 

stage, the classification accuracy is only 69% (see Figure 19(a)). However, with the increase of number of 

epochs, the CAE + k-means eventually achieves 100% accuracy (see Figure 19(b)). 

  
Figure 17. Scaled response spectra of the selected non-pulse-type GMs 

(a) individual non-pulse-type GM and (b) clusters in practice 
 

 

(a) (b) 
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Figure 18. Classification results for the selected non-pulse-type GMs 

(a) silhouette score vs. number of clusters and (b) the first three principal components of the learned latent features 

 

  
Figure 19. Classification results for the selected non-pulse-type GMs obtained using CAE + k-means 

(a) initial and (b) final  

 

Similar to Section 3.2, established clustering algorithms are also applied for comparison purposes. The 

resulting clusters and accuracies are shown in Figures 20(b) to 20(e). As shown in Figure 20, the CAE + k-

means results in the highest accuracy (100%) among all clustering algorithms. The statistics of magnitude 

and Rjb for each resulting cluster are listed in Table 2. The cluster IDs correspond to those shown in Figure 

17(b). The time series k-means results in the second-highest accuracy – 92% (see Figure 20(c)). As shown 

in Figure 20(b), the AE + k-means achieves an accuracy level of 78%, which is attributed to the instability 

issue discussed in Section 3.2. Both spectral clustering and k-means on GM influence factors result in poor 

(a) (b) 

(a) (b) 
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classification performance, with less than 70% accuracy. These findings suggest that spectral clustering and 

k-means are not suitable for classifying these pulse-type GMs. 

  

  

 

 

Figure 20. Classification results for the selected non-pulse-type GMs obtained using 

(a) (b) 

(c) (d) 

(e) 
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(a) CAE + k-means, (b) AE + k-means, (c) time series k-means, 
(d) spectral clustering, and (e) k-means on GM influence factors 

 

Table 2. Statistics of magnitude and Rjb for the clusters of non-pulse-type GMs obtained by CAE + k-means 

Cluster ID* Number of GMs 
Magnitude  Rjb (km) 

Range Median Range Median 

1 12 [6.33, 7.51] 7.17 [0.00, 41.81] 20.81 
2 4 [6.54, 7.51] 6.76 [0.83, 141.37] 62.62 
3 20 [5.20, 7.51] 6.43 [0.73, 90.17] 17.16 

* Cluster IDs correspond to the ones shown in Figure 17(b). 

 

In addition to the presented case studies, a series of case studies are designed for different seismological 

conditions, structures with various fundamental periods, and varying numbers of clusters in practice. 

Overall, the proposed CAE + k-means can accurately classify GM response spectra and outperforms 

established clustering algorithms by approximately 10% to 40% higher accuracy. 

 

4. Application 

4.1. Selecting ground motions for a structure in San Francisco, California 

The CAE + k-means is applied to select 20 GMs for the structure discussed in Section 3, which has a 

fundamental period of 1.0s. The GM pre-selection process results in 69 pulse-type and 199 non-pulse-type 

candidate GMs (see Figure 21). The scaled response spectra of these GMs are classified via the CAE + k-

means used in Sections 3.2 and 3.3. For pre-training purposes, 10,050 and 29,850 response spectra are 

simulated for the selected pulse-type and non-pulse-type GMs, respectively. The relationship between the 

silhouette score and the number of clusters is shown in Figure 22. For both the pulse-type and non-pulse-

type GMs, the optimal number of clusters is two. The cluster centroids (ln𝑆𝑆𝑎𝑎∗, which is the mean value of 

the response spectra in each cluster at each period) are shown in Figure 23 and are clearly separate for the 

period range of 1.0s to 2.0s. The statistics of magnitude and Rjb for each resulting cluster are listed in Table 

3. 

Using Eq. (11), the number of pulse-type GMs is determined to be five. Based on the proportion of the 

number of GMs in each cluster, the number of selected GMs from each cluster is calculated and listed in 

Table 4. Following the GM selection method introduced in Section 2.5, the response spectra of 20 

realizations are generated and assigned to each cluster. The GMs in each cluster, whose response spectra 
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are closest to the assigned realizations (resulting in the smallest 𝜀𝜀𝑟𝑟𝑒𝑒𝑒𝑒𝑒𝑒), are selected. The set of selected 

GMs is evaluated using Eq. (13) with a 𝜆𝜆 of 1. Repeating the process from the realization generation by 

2,000 times to minimize the effect of randomness on the GM selection. The response spectra of 20 

realizations and selected GMs are shown in Figure 24. The 20 selected GMs are representative of the 

candidate GMs, and their response spectra match the CS well (see Figure 24(b)).  

  
Figure 21. Scaled response spectra of the candidate 

(a) pulse-type GMs and (b) non-pulse-type GMs 

 

  
Figure 22. Silhouette score vs. number of clusters for 

(a) pulse-type GMs and (b) non-pulse-type GMs 

 

(a) (b) 

(a) (b) 
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Figure 23. Mean of ln𝑆𝑆𝑎𝑎 of GMs in each cluster 
(a) pulse-type GMs and (b) non-pulse-type GMs 

  

Table 3. Statistics of magnitude and Rjb for the GM clusters obtained by CAE + k-means 

GM type Cluster ID* Number of 
GMs 

Magnitude  Rjb (km) 

Range Median Range Median 

Pulse 
1 41 [5.74, 7.28] 6.00 [0.18, 34.86] 3.08 

2 26 [5.80, 7.90] 6.90 [0.00, 23.62] 1.46 

Non-pulse 
1 106 [5.00, 7.51] 6.20 [0.00, 141.37] 13.70 

2 93 [5.20, 7.51] 7.00 [0.00, 157.94] 22.50 

* Cluster IDs correspond to the ones shown in Figure 23. 

 

Table 4. The number of selected GMs for each cluster 

GM type Number of 
selected GMs Cluster ID* Number of 

candidate GMs 
Number of selected 

GMs 

Pulse 5 
1 41 3 
2 26 2 

Non-pulse 15 
1 106 8 
2 93 7 

* Cluster IDs correspond to the ones shown in Figure 23. 

 

(a) (b) 
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Figure 24. CS and the response spectra of 20 (a) realizations and (b) selected GMs 

 

In terms of computational cost, the CAE pre-training and fine-tuning processes are implemented in the 

TensorFlow [75] framework, executed on a standard PC with one NVIDIA RTX A4000 GPU, and finished 

in about 4 hours. The GM response spectra simulation, k-means clustering, and CS-based GM selection are 

performed in the MATLAB [76] framework on a standard PC with one Intel(R) Core(TM) i7-8650U CPU 

and finished in less than 0.5 hours. In total, approximately 4.5 hours was required for the proposed GM 

selection. Using the same computational resources, the CS-based GM selection with AE + k-means can be 

completed in 1 hour. With the parallel computing on 8 Intel(R) Core(TM) i7-8650U CPUs, the time series k-means 

case takes approximately 7 hours to finish. The spectral clustering and k-means on GM influence factors cases can 

finish the GM selection in 0.5 hours using one Intel(R) Core(TM) i7-8650U CPU. Additionally, the execution 

time for the CS-based GM selection without any clustering algorithm is approximately 0.3 hours  on one 

Intel(R) Core(TM) i7-8650U CPU. The proposed clustering-based GM selection method requires less 

execution time only when compared to time series k-means. But for practice purposes, 4.5 hours is 

acceptable. The computational cost can be further reduced by training the CAEs on a more powerful GPU. 

Additional applications are also conducted for different seismological conditions and structural 

fundamental periods. The computational costs are comparable to this application. 

 

4.2. Practical use of proposed ground motion clustering algorithm for ground motion selection 

In order for practitioners to be able to use the proposed GM clustering algorithm for GM selection, the 

developed user-friendly codes will be published (on GitHub at https://github.com/yimjia/Ground-Motion-

Clustering-and-Selection). As prerequisites, users need to have knowledge of earthquake engineering to 

perform the GM pre-selection (see Section 2.1) and have access to run Python and MATLAB codes. No 

(a) (b) 

https://github.com/yimjia/Ground-Motion-Clustering-and-Selection
https://github.com/yimjia/Ground-Motion-Clustering-and-Selection
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training in machine learning is required to perform the presented clustering-based GM selection. In the 

above-mentioned GitHub repository, a step-by-step instruction is provided to help users effectively conduct 

the clustering-based GM selection. As an example, some codes and data used in this paper are also provided 

to reproduce the GM selection in Section 4.1. 

 

5. Conclusions 

This paper presents a clustering-based GM selection method to select GMs that a structure of interest will 

probabilistically experience. First, by leveraging domain-specific knowledge, the candidate GMs are pre-

selected. Then, a CAE is trained to learn the low-dimensional underlying characteristics of the candidate 

GMs’ response spectra, also known as latent features. Next, k-means clustering is performed to classify the 

learned latent features, which is equivalent to assigning the response spectra of candidate GMs into groups 

with similar underlying characteristics. Finally, the grouped GMs are embedded in the CS-based GM 

selection. The selected GMs can represent the given hazard level well (by matching the CS mean and 

variance) and fully describe the complete set of candidate GMs. The presented clustering-based GM 

selection method can be readily used by practitioners because training in machine learning is not required 

to perform it. The developed codes will be publicly available on GitHub at 

https://github.com/yimjia/Ground-Motion-Clustering-and-Selection after the paper is published.  

To evaluate the performance of the proposed GM clustering algorithm (CAE + k-means), case studies are 

designed for a structure in San Francisco, California. These case studies illustrate that the CAE + k-means 

can accurately classify the GM response spectra and determine the optimal number of clusters. This is 

achieved by 1) CAE successfully extracting the underlying characteristics of GM response spectra as latent 

features, and 2) k-means clustering classifying the latent features, which is equivalent to grouping GM 

response spectra. The results of the second and third case studies demonstrate that the CAE + k-means 

outperforms the other clustering algorithms (time series k-means and spectral clustering).  

The proposed clustering-based GM selection method is applied to select 20 GMs for a structure in San 

Francisco, California. The candidate pulse-type and non-pulse-type GMs are classified into two clusters, 

respectively. Instead of selecting GMs from one database, 20 GMs are proportionally selected from four 

clusters, which allows the selected GMs to fully describe the complete set of candidate GMs. The response 

spectra of these 20 selected GMs match the CS well, indicating that these selected GMs can represent the 

given seismic hazard level. However, the proposed clustering-based GM selection method has some 

limitations and leaves opportunities for future improvements. One limitation is that none of the structural 

https://github.com/yimjia/Ground-Motion-Clustering-and-Selection
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properties, other than the fundamental period of structure, are considered when selecting GMs. Another 

general limitation is the potential misrepresentation of GM due to the scaling for CS matching. 

Nevertheless, the proposed GM clustering algorithm (CAE + k-means) can be embedded to other GM 

selection methods to allow that the selected GMs to fully describe the complete set of candidate GMs. The 

CAE + k-means can also be applied to other engineering problems in which time series data needs to be 

classified. The transfer learning used in CAE can provide guidance to other studies when the stability and 

reproducibility of a complex machine learning model need to be improved. 
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Supplementary materials 

S1. Convolutional layer 

A convolutional layer aims to learn the feature representations of inputs [77], [78]. This is done by using a 

filter (also known as a kernel) with a size of 1 × 𝑚𝑚, where 𝑚𝑚 represents a region (portion) of the layer. The 

output of each convolutional layer is called a feature map [35], which is determined by the scalar product 

of the filter weights and the local regions of input. For example, the 𝑗𝑗th output feature at the 𝑝𝑝th layer, 𝑥𝑥𝑗𝑗
𝑝𝑝, 

can be calculated as 

𝑥𝑥𝑗𝑗
𝑝𝑝 = 𝐹𝐹 ��𝑾𝑾𝑖𝑖

𝑝𝑝 × 𝑿𝑿𝑖𝑖
𝑝𝑝−1

𝑁𝑁𝑓𝑓

𝑖𝑖=1

+ 𝑏𝑏𝑗𝑗
𝑝𝑝� (S1) 

where 𝐹𝐹 is the activation function; 𝑁𝑁𝑓𝑓 is the number of filters; 𝑾𝑾𝑖𝑖
𝑝𝑝 is the weights with size 1 × 𝑚𝑚 for the 

𝑖𝑖th filter at the 𝑝𝑝th layer; 𝑿𝑿𝑖𝑖
𝑝𝑝−1 is a 1 × 𝑚𝑚 vector, which is the local region of the 𝑝𝑝-1th layer corresponding 

to the 𝑖𝑖th filter; and 𝑏𝑏𝑗𝑗
𝑝𝑝 is the bias for 𝑥𝑥𝑗𝑗

𝑝𝑝. A simple illustration of the convolution process with a filter is 

shown in Figure S1. As shown in Figure S1, the local region of 𝑿𝑿𝑖𝑖
𝑝𝑝−1 (a 1 × 3 vector) moves horizontally 

by one (a stride of 1). The full space of 𝑿𝑿𝑖𝑖
𝑝𝑝−1 is scanned by sliding the filter. Because the inputs to the CAE 

are GM response spectra, the convolutional process can capture the period dependence by convolving a 

sequence of response spectra across the entire period space. Note that the stride operation can lead to a 

smaller number of nodes in the output layer. Given a stride of 1, zero padding is added at the beginning and 

end of the input to constrain the number of nodes of the input and output layers to be equal [79].  

 
Figure S1. Illustration of the convolution process 
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S2. Max pooling layer 

Max pooling is an operation that selects the maximum element from the region of the feature map covered 

by the filter to reduce the resolution of the feature map. It is used for downsampling while maintaining 

essential/important features [33]. An example of a max pooling operation with a stride of 2 is shown in 

Figure S2. If needed, zero padding is used for max pooling layers (see the grey node in Figure 4) because 

the shape of the input may not perfectly fit the filter size and the stride.  

 
Figure S2. Illustration of the max pooling operation 

 

S3. Fully connected layer 

A fully connected layer, commonly used in typical neural networks, has all possible connections to its 

inputs (i.e., all outputs from the previous layer). A fully connected layer multiplies its input by a weight 

matrix and adds a bias vector. In the CAE presented in this paper, fully connected layers are used for 

downsampling and upsampling in the encoder and decoder, respectively. An example of a fully connected 

layer for downsampling is shown in Figure S3. 
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Figure S3. Illustration of the calculation corresponding to a fully connected layer 

 

S4. Transposed convolution layer 

Due to the symmetry of the CAE, there is a need to use a transposed convolutional layer, which is a 

transformation going in the opposite direction of a convolutional layer [80]. A transposed convolutional 

layer is carried out for upsampling, generating an output feature map that is larger than the input feature 

map. Instead of sliding the filter over the input (i.e., as in the convolutional process), a transposed 

convolutional layer slides the input over the filter. This can result in an output that has a larger number of 

nodes than the input does (controlled by stride). An example of the transposed convolutional layer with a 

stride of 2 is shown in Figure S4. Given a stride of 2, the number of nodes of output layer may more than 

double that of the input layer (depending on the filter size). To ensure the number of nodes of output layer 

is an exact multiple of the one of input layer, the nodes at the beginning and end of the output are discarded 

(see the yellow node in Figure S4). 
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Figure S4. Illustration of the transposed convolution process 


