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Abstract 7 

Earthquake early warning requires magnitude estimates to be progressively refined as P-8 

wave observations accumulate, yet many waveform-based estimators are restricted to 9 

predefined input windows and cannot directly accommodate changing warning times. Here we 10 

develop VLPNet, a unified deep learning model for progressive single-station magnitude 11 

estimation from variable-duration borehole P waves. Starting from an automatically identified 12 

P-wave arrival, VLPNet uses the downhole vertical acceleration component (UD2) to predict 13 

the complete-record peak horizontal displacement, which is then combined with hypocentral 14 

distance through a JMA displacement-magnitude relation. The dataset comprises 13,245 15 

station-event records from 1,916 earthquakes with JMA magnitudes greater than 4.0 and 16 

hypocentral distances of 30-200 km, recorded at 550 KiK-net stations in Japan. The earthquakes 17 

were divided chronologically at the event level into training, validation, and test sets. A single 18 

trained model accepts P-wave observation durations from 0.5 to 6.0 s at a temporal resolution 19 

of 0.01 s without duration-specific retraining. Across five random seeds, the magnitude mean 20 

absolute error decreased from 0.461 ± 0.002 at 0.5 s to 0.317 ± 0.010 at 6.0 s, while the 21 

proportion of estimates within ±1 magnitude unit increased from 89.2 ± 0.7% to 96.5 ± 0.2%. 22 

At 3.0 s, VLPNet reduced the mean absolute error by 28.0-50.9% relative to conventional 23 

estimates based on peak displacement, maximum predominant period, and their combination. 24 

Accuracy improved most rapidly during the first 3 s and more gradually thereafter. At 3.0 s, 25 

more than 93% of the estimates were within ±1 magnitude unit for each of the three site classes. 26 

These results show that VLPNet can progressively exploit newly arriving P-wave information 27 

using one model over the investigated warning-time range, while quantifying the trade-off 28 

between warning timeliness and magnitude accuracy. 29 

Keywords: Earthquake early warning; Progressive magnitude estimation; Variable-duration P-30 

waves; Single-station observations; Deep learning. 31 
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1. Introduction 35 

Earthquake early warning (EEW) uses the difference in propagation velocity between the 36 

earlier-arriving P waves and the subsequent, more damaging seismic waves to provide alerts 37 

before strong ground shaking reaches target areas (Kanamori, 2005). The available warning 38 

time, although generally limited to seconds or tens of seconds, can support personal protective 39 

actions, emergency control of critical infrastructure, and mitigation of secondary hazards (Allen 40 

et al., 2009; Satriano et al., 2011; Allen and Melgar, 2019). Earthquake magnitude is a key 41 

parameter in EEW, and its estimation accuracy directly affects the reliability of subsequent 42 

ground-motion prediction and warning decisions (Allen et al., 2009; Satriano et al., 2011). 43 

However, during the initial stage of an earthquake, only a short segment of the P wave is 44 

available, and the observed waveform evolves continuously as more signal information is 45 

received. Therefore, rapidly extracting stable magnitude-related information from limited and 46 

progressively accumulated P-wave observations remains an important challenge for EEW 47 

(Satriano et al., 2011; Allen and Melgar, 2019). 48 

Traditional single-station magnitude estimation generally relies on empirical relationships 49 

established using characteristic parameters extracted from the initial P-wave. Nakamura was 50 

among the first to use a characteristic-period parameter to characterize earthquake size, laying 51 

the foundation for rapid magnitude estimation based on the frequency content of P waves 52 

(Nakamura, 1988). Subsequently, Allen and Kanamori (2003) proposed the maximum 53 

predominant period, 𝜏௣௠௔௫ , to estimate magnitude from the frequency characteristics of the 54 

initial P-wave. Wu and Kanamori (2005) and Wu and Zhao (2006) further investigated the 55 

relationships of the initial P-wave peak displacement ( ௗܲ ), with earthquake magnitude and 56 



ground-motion intensity, demonstrating its capability to represent the amplitude information of 57 

early waveforms. Subsequent studies evaluated the applicability of these parameters in Japan, 58 

Taiwan, Italy, and other seismic regions and combined amplitude- and frequency-related 59 

parameters to improve the stability of magnitude estimation (Wu et al., 2007; Shieh et al., 2008; 60 

Olivieri et al., 2008; Zollo et al., 2010; Brown et al., 2011). Nevertheless, the empirical 61 

relationships based on these parameters may be affected by signal noise, propagation distance, 62 

site conditions, and observation-window duration. Moreover, conventional methods typically 63 

reduce a P-wave segment to one or a few manually defined scalar features, making it difficult 64 

to fully represent the local waveform patterns and their temporal evolution (Wolfe, 2006; 65 

Yamada and Mori, 2009; Sadeh et al., 2014; Spallarossa et al., 2019). 66 

In recent years, advances in deep learning have provided new opportunities to extract 67 

source-related information directly from seismic waveforms. Convolutional neural networks 68 

(CNNs) have been successfully applied to earthquake detection, seismic-phase picking, 69 

magnitude estimation, and ground-motion prediction because of their ability to automatically 70 

extract hierarchical local patterns from waveform data (Mousavi et al., 2020; Zhu and Beroza, 71 

2019; Mousavi et al., 2019). Recurrent neural networks (RNNs), particularly long short-term 72 

memory (LSTM) networks, are well suited to capturing temporal dependencies in seismic 73 

signals and have therefore been introduced into waveform-based earthquake characterization 74 

(Mousavi et al., 2019; Mousavi and Beroza, 2020; Chakraborty et al., 2022). Hybrid CNN-75 

LSTM architectures further combine the local feature-extraction capability of CNNs with the 76 

sequential modeling capability of LSTMs, enabling nonlinear mapping from raw seismic 77 

waveforms to earthquake magnitude or other ground-motion parameters (Rafiei and Adeli, 78 



2017; Zhu et al., 2025; Dai et al., 2024). Compared with empirical methods based on a small 79 

number of predefined parameters, these data-driven approaches can retain richer amplitude, 80 

frequency, and temporal-evolution information and reduce the information loss associated with 81 

manual feature selection. 82 

Despite the promising performance of existing deep-learning methods, their adaptability to 83 

continuously varying P-wave observation durations remains insufficiently investigated. Many 84 

models have been developed and evaluated using waveforms with a predefined duration 85 

(Mousavi and Beroza, 2020; Chakraborty et al., 2022; Zhu et al., 2025). Consequently, models 86 

calibrated for a particular input duration may not be directly applicable at arbitrary stages of an 87 

evolving earthquake record, limiting their flexibility for continuously updated magnitude 88 

estimation. Moreover, when zero padding is used to standardize sequence lengths without 89 

explicitly retaining the valid length of each record, the padded portion may enter the recurrent 90 

computation and affect the resulting temporal representation. Although real-time deep-learning 91 

frameworks have been developed to update earthquake parameters as waveform information 92 

accumulates (Saad et al., 2022; Münchmeyer et al., 2021; Hou et al., 2024), unified single-93 

station modeling of variable-length P-wave records has received comparatively limited 94 

attention. In addition, local site conditions can modify the amplitude and frequency 95 

characteristics of seismic signals (Sadeh et al., 2014; Spallarossa et al., 2019), whereas the 96 

consistency of deep-learning-based magnitude estimates across different site classes has 97 

received relatively limited attention. Therefore, a unified model capable of processing P-wave 98 

records of different lengths while maintaining stable performance under varying site conditions 99 

is still needed. 100 



To address the above issues, this study proposes VLPNet, a unified framework for 101 

magnitude estimation from variable-length P-wave records. Rather than training separate 102 

networks for different observation durations, VLPNet combines CNN-based local feature 103 

extraction with LSTM-based temporal modeling and employs a packed-sequence strategy, 104 

allowing a single model to process P-wave segments with different observation durations. The 105 

main contributions of this study are threefold: (1) a unified model is developed to provide 106 

progressively updated estimates as P-wave information accumulates, without training separate 107 

models for different observation durations; (2) the model is systematically compared with 108 

conventional ௗܲ and 𝜏௣௠௔௫ based methods over different P-wave observation durations; and 109 

(3) the model performance is evaluated across different site classes to assess its robustness 110 

under varying site conditions. 111 

2. Ground-Motion Dataset and Processing 112 

2.1 Dataset Selection and Partition 113 

Ground-motion records were obtained from the Kiban Kyoshin Network (KiK-net), 114 

operated by the National Research Institute for Earth Science and Disaster Resilience (NIED). 115 

KiK-net stations are equipped with accelerometers installed at both the ground surface and 116 

borehole depth. For each station-event pair, the borehole vertical acceleration component (UD2) 117 

and two surface horizontal acceleration components (NS1 and EW1) were extracted. The UD2 118 

component was used to construct the initial P-wave input, whereas the NS1 and EW1 119 

components were used to determine the maximum horizontal displacement of the complete 120 

record. 121 



(a) (b)

 122 

Fig. 1. Geographic distribution of KiK-net stations and earthquake epicenters. 123 
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Fig. 2. Magnitude and distance distributions of the three datasets. (a) Magnitude versus 125 

epicentral distance; (b) magnitude, epicentral distance and hypocentral distance. 126 

The records were selected according to the following criteria: (1) JMA magnitude M>4.0; 127 

(2) hypocentral distance between 30 and 200 km; and (3) peak ground acceleration exceeding 128 

3 Gal on each of the UD2, NS1, and EW1 components. Records sampled at 100 Hz were 129 

retained directly, whereas those sampled at 200 Hz were downsampled to 100 Hz using zero-130 



phase decimation with an eighth-order Chebyshev type I IIR anti-aliasing filter. The resulting 131 

dataset comprised 13,245 station-event records from 1,916 earthquakes recorded at 550 KiK-132 

net stations. As shown in Fig. 1(a), the stations provide broad spatial coverage across the 133 

Japanese archipelago. The selected earthquakes include both inland and offshore events, with 134 

their epicentral locations and magnitudes shown in Fig. 1(b). 135 

The earthquakes were chronologically divided at the event level into training, validation, 136 

and testing sets at a ratio of 70:15:15. The training set comprised 1,341 earthquakes occurring 137 

between 11 October 1997 and 16 March 2011. The validation set contained 287 earthquakes 138 

occurring between 16 March 2011 and 6 February 2015, and the testing set comprised 288 139 

earthquakes occurring between 26 February 2015 and 27 March 2019. All records associated 140 

with the same earthquake were assigned to the same subset to prevent information leakage. The 141 

validation set was used for model selection, whereas the testing set was used only for the final 142 

performance evaluation. 143 

2.2 P-Wave Arrival Identification 144 

The P-wave arrival was automatically identified from the borehole vertical acceleration 145 

component (UD2) using a combined STA/LTA-AIC procedure. Each waveform was first 146 

demeaned and filtered using a fourth-order zero-phase Butterworth band-pass filter between 1 147 

and 15 Hz to suppress low-frequency drift and high-frequency noise. The short-term average to 148 

long-term average characteristic ratio was then calculated as: 149 

 
STA( )

( )
LTA( )

i
r i

i
=  (1) 150 

where i denotes the sampling point. The STA and LTA windows were set to 0.2 and 4.0 s, 151 

corresponding to 20 and 400 sampling points at a sampling frequency of 100 Hz, respectively. 152 



A preliminary trigger was identified when r(i) exceeded 2.5 and remained above 2.0 for at least 153 

0.1 s. 154 

To exclude records with weak initial arrivals, the signal-to-noise ratio was calculated as: 155 
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where a0(i) is the demeaned UD2 acceleration, it is the preliminary STA/LTA trigger point, and 157 

Ns and Nn denote the numbers of sampling points in the signal and noise windows, respectively. 158 

The first 1.0 s of each record was used as the noise window, while the 0.3-s waveform following 159 

the preliminary trigger was used as the signal window. Only records with an SNR greater than 160 

8 dB were retained. 161 

The preliminary trigger was subsequently refined using the Akaike Information Criterion 162 

(AIC). A 3.0-s search interval centered on the preliminary trigger was extracted from the 163 

demeaned UD2 record, and the AIC value was evaluated at each candidate point according to 164 

the variance change between the waveform segments before and after that point. The candidate 165 

corresponding to the minimum AIC value was selected as the final P-wave arrival. 166 

2.3 Station Site Classification 167 

To evaluate the robustness of the proposed model under different site conditions, the 550 168 

KiK-net stations were classified using three site-characterization parameters: the time-averaged 169 

shear-wave velocity in the upper 30 m (Vs30), the predominant frequency derived from the 170 

horizontal-to-vertical spectral ratio (f0,HV), and the site amplification factor (AF). These 171 

parameters describe the near-surface velocity structure, predominant site frequency, and overall 172 



amplification characteristics, respectively. Stations with missing values for any of the three 173 

parameters were excluded during the initial data selection. 174 

Before clustering, the three parameters were standardized to eliminate differences in their 175 

numerical scales. A Gaussian mixture model (GMM) with three components was then applied 176 

to the standardized station-level feature vectors. The probability distribution of a feature vector 177 ࢠ was expressed as: 178 

 ( )
3

1

( ) ,k k k

k

p 
=

=z z μ ΣN  (3) 179 

where ߨ௞, ࣆ௞, and ࢳ௞ denote the mixture weight, mean vector, and covariance matrix of the 180 

k-th component, respectively. Each station was assigned to the component with the highest 181 

posterior probability.  182 

(a) (b) (c)

 183 

Fig. 3. Spatial distribution of the three site classes. (a) hard rock (n = 164), (b) intermediate (n 184 

= 309), and (c) soft soil (n = 77).  185 

The classification identified 164 hard-rock stations, 309 intermediate stations, and 77 soft-186 

soil stations, corresponding to 3,960, 7,453, and 1,832 ground-motion records, respectively. As 187 

shown in Fig. 3, hard-rock stations are mainly located in mountainous inland regions, 188 



intermediate stations are widely distributed across the Japanese archipelago, and soft-soil 189 

stations are concentrated primarily in coastal lowlands and alluvial areas. 190 

Table 1. Characteristics of the three site classes. 191 

Parameter Hard rock Intermediate Soft soil 

Number of stations / records 164 / 3,960 309 / 7,453 77 / 1,832 

M 4.96 ± 0.77 4.99 ± 0.77 4.96 ± 0.75 

R (km) 109.8 ± 43.1 112.9 ± 44.4 115.4 ± 45.3 

Vs30 (m/s) 708 ± 196 408 ± 90 245 ± 71 

f0,HV (Hz) 9.84 ± 3.94 4.45 ± 2.70 1.38 ± 1.13 

AF 0.887 ± 0.254 0.917 ± 0.206 1.559 ± 0.404 

Table 1 summarizes the characteristics of the three site classes. The mean Vs30 decreases 192 

from 708 m/s for hard rock to 408 m/s for intermediate sites and 245 m/s for soft soil. A similar 193 

decreasing trend is observed for f0,HV, whereas AF is substantially higher for soft-soil stations. 194 

Meanwhile, the magnitude and hypocentral-distance distributions are broadly comparable 195 

among the three classes. 196 

3. VLPNet: A Unified Model for Variable-Length P-Wave Records 197 

3.1 Variable-Length Input Construction and Prediction Target 198 

For each station-event record, the borehole vertical acceleration component (UD2) was 199 

used as the input to VLPNet. Starting from the P-wave arrival identified in Section 2.2, the 200 

waveform was truncated at an arbitrary observation time between 0.5 and 6.0 s. For the i-th 201 

record, the input was expressed as: 202 

 

1
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,

0
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where ܽ௜UD2 is the UD2 acceleration, tP,i is the identified P-wave arrival time, Ti is the effective 204 

observation duration after the P-wave arrival, and ⌊ ௦݂ ௜ܶ⌋ is the corresponding number of valid 205 

samples. At a sampling frequency of 100 Hz, VLPNet can generate an estimate at a temporal 206 



resolution of 0.01 s within the specified range, rather than being restricted to several predefined 207 

observation windows. Record-wise amplitude normalization was not applied because the 208 

absolute P-wave amplitude contains information relevant to earthquake magnitude. 209 

Earthquake magnitude is conventionally related to the logarithm of ground-motion 210 

amplitude and source-to-station distance. The JMA magnitude procedure uses the logarithm of 211 

the combined peak horizontal displacement together with distance corrections (Katsumata, 212 

2004). Similarly, Wang et al. (2023) predicted the logarithm of the complete-record peak 213 

displacement from the initial vertical P-wave and subsequently combined it with hypocentral 214 

distance to estimate magnitude. Accordingly, VLPNet predicts log10A as a physically 215 

interpretable intermediate variable rather than estimating magnitude directly. 216 

The prediction target was derived from the complete NS1 and EW1 surface records. The 217 

acceleration components were demeaned, linearly detrended, and filtered using a fourth-order 218 

zero-phase Butterworth band-pass filter between 0.1 and 25 Hz. They were then integrated 219 

twice using cumulative trapezoidal integration, with the mean removed after each integration: 220 

 ( ) 0.1 25( ) ( ) , {NS1,EW1}h h

i c c id t a t h−
  =   I I B D  (5) 221 

where ࣞ , ℬ0.1−25 , and ℐࣷ  denote detrending, band-pass filtering, and mean-corrected 222 

integration, respectively. The two horizontal displacement components were combined 223 

vectorially at each time step, after which the maximum value over the complete record was 224 

determined. The regression target was defined as: 225 

 
2 2

NS1 EW1

10max ( ) ( ) , logi t i i i iA d t d t y A   = + =     (6) 226 

where Ai is the maximum vector-combined horizontal displacement of the complete surface 227 

record, expressed in centimeters, and yi is the corresponding learning target. The complete NS1 228 



and EW1 records were used only to construct the target and were not provided as model inputs. 229 

Thus, VLPNet predicts the eventual log10A using only the P-wave information available at a 230 

given warning time. 231 

To convert the predicted log10A into magnitude, an empirical amplitude-magnitude-232 

distance relationship was established using the training dataset: 233 
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− −
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where Mi is the observed JMA magnitude, Ri is the hypocentral distance in kilometers, and α, 235 

β, and γ are regression coefficients estimated by ordinary least squares using only the training 236 

dataset. The VLPNet output is denoted by ̂ݕ௜, and ̂ܯ௜ is the resulting magnitude estimate. This 237 

formulation preserves the physical relationship among waveform amplitude, propagation 238 

distance, and earthquake magnitude while preventing information from the complete surface 239 

records from entering the model input. 240 

3.2 VLPNet Architecture 241 

Fig. 4 illustrates the architecture of VLPNet, which consists of a convolutional feature-242 

extraction module, a valid-length packing module, a two-layer LSTM, and a fully connected 243 

regressor. The model receives zero-padded UD2 P-wave sequences together with their valid 244 

lengths and predicts the logarithm of the combined peak horizontal displacement amplitude. All 245 

input durations share the same network parameters, enabling a single model to process P-wave 246 

records observed at different warning times.  247 

The convolutional module contains two one-dimensional convolutional blocks. The first 248 

block transforms the single-channel acceleration sequence into 32 feature channels, whereas 249 

the second expands the feature dimension from 32 to 64. Both convolutional layers use a kernel 250 



size of 5, a stride of 1, and a padding size of 2, followed by batch normalization and ReLU 251 

activation. Because the padding preserves the temporal dimension, the effective output lengths 252 

of the two blocks remain Li, with feature sizes of Li×32 and Li×64, respectively. No temporal 253 

pooling is applied, thereby preserving the correspondence between the extracted features and 254 

the original sampling instants. 255 
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Fig. 4. Architecture of VLPNet for variable-length P-wave processing. 257 

For mini-batch processing, the input sequences are zero-padded to 600 samples before 258 

convolution, while their valid lengths are retained. The resulting CNN feature tensor has a 259 

padded size of B×600×64. Before being passed to the LSTM, the feature sequences are packed 260 

according to their valid lengths using “pack_padded_sequence”. Consequently, only the first Li 261 

feature vectors of each sequence participate in the recurrent calculation, while the padded time 262 

steps are excluded. This operation allows samples with different observation durations to be 263 

processed within the same mini-batch. 264 

The packed feature sequences are subsequently encoded using a two-layer LSTM with 64 265 

hidden units in each layer, which enables the model to capture temporal dependencies at 266 



multiple levels of abstraction. A dropout rate of 0.3 is applied between the two LSTM layers. 267 

For each record, the final hidden state of the second layer corresponds to its actual observation 268 

endpoint rather than the end of the padded sequence. The resulting 64-dimensional hidden state 269 

is passed to a fully connected regressor consisting of a 32-neuron hidden layer with ReLU 270 

activation and a dropout rate of 0.3, followed by a single-neuron output layer.  271 

Together, these components enable VLPNet to combine local waveform feature extraction 272 

with variable-length temporal modeling. The convolutional blocks identify local patterns in the 273 

initial P-wave without reducing the temporal resolution, while the LSTM integrates the 274 

evolving CNN features over the actual observation duration. Valid-length packing prevents 275 

padded time steps from affecting the recurrent computation and ensures that the final hidden 276 

state corresponds to the true endpoint of each sequence. Most importantly, the same network 277 

parameters are shared across all input durations, eliminating the need to train a separate model 278 

for each warning time and allowing the magnitude estimate to be continuously updated as 279 

additional P-wave information becomes available. 280 

3.3 Model Training Strategy 281 

The data used for model development were obtained from the KiK-net dataset described in 282 

Section 2, comprising 13,245 station-event records from 1,916 earthquakes. The earthquakes 283 

were chronologically divided at the event level into training, validation, and testing sets 284 

containing 1,341, 287, and 288 events, respectively. During training, each record was randomly 285 

truncated to a valid length ranging from 50 samples to its maximum available length, capped at 286 

600 samples. Samples beyond the selected endpoint were set to zero, while the valid length was 287 

retained for packed LSTM processing. Thus, the training inputs covered observation durations 288 



from 0.5 to 6.0 s at a temporal resolution of 0.01 s. All truncated sequences derived from the 289 

same record shared the complete-record target defined in Section 3.1. 290 

VLPNet was trained for 200 epochs by minimizing the mean squared error (MSE) between 291 

the predicted and target logarithmic displacement amplitudes, as illustrated in Fig. 4. The Adam 292 

optimizer was adopted with a mini-batch size of 32, an initial learning rate of 1.0×10-3, a weight 293 

decay of 1.0×10-5, and coefficients of β1=0.9 and β2=0.99. The learning rate was exponentially 294 

decayed by a factor of 0.99 after each epoch. For model selection, the validation set was 295 

evaluated at seven observation durations, ௞ܶ ∈ {0.5,1,2,3,4,5,6} s. The overall validation loss 296 

was defined as the equally weighted mean of the duration-specific MSEs: 297 
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where ℐ௞  and ௞ܰ  denote the eligible validation records and their number at duration ௞ܶ , 299 

respectively. The model weights yielding the lowest ℒval were retained for evaluation on the 300 

independent testing set. VLPNet was implemented in PyTorch 2.3.1 with CUDA 11.8 and 301 

trained on a single NVIDIA GeForce RTX 4060 Ti GPU. 302 
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Fig. 5. Training and validation loss curves of VLPNet. 304 

Fig. 5 presents the loss histories of VLPNet over 200 training epochs. As shown in Fig. 305 

5(a), both the training loss and the duration-averaged validation loss decreased rapidly during 306 



the initial epochs and subsequently converged with only minor fluctuations, indicating stable 307 

model optimization without an evident increase in validation error. The training loss remained 308 

slightly higher than the validation loss, which likely reflects the random-length truncation and 309 

dropout applied during training, as well as the different aggregation of observation durations 310 

between training and validation. Fig. 5(b) shows that the duration-specific validation loss 311 

generally decreased as the P-wave observation duration increased, demonstrating that the 312 

additional waveform information improved the prediction of log10A. However, the rate of 313 

improvement gradually diminished, and the losses tended to stabilize after approximately 3–4 314 

s, suggesting decreasing marginal benefits from further extension of the observation window. 315 

4. Results and Discussion 316 

4.1 Time-Dependent Prediction Performance 317 

To evaluate the overall performance of VLPNet, the test records with complete 6-s P-wave 318 

segments were used at all observation durations, thereby ensuring that the observed 319 

performance variation was not affected by changes in sample composition. Five independently 320 

trained models with different random seeds were evaluated. The coefficient of determination 321 

(R2), Pearson correlation coefficient (corr), mean absolute error (MAE), and root mean square 322 

error (RMSE) were adopted to assess the prediction of log10A. The estimated log10A values were 323 

subsequently converted into magnitude estimates using the magnitude–distance–amplitude 324 

relationship established from the training dataset. 325 

Fig. 6 presents the variation in prediction of log10A performance with P-wave observation 326 

duration. As the observation duration increased from 0.5 to 6.0 s, both R2 and corr increased 327 

continuously, whereas MAE and RMSE decreased. This indicates that the predictive capability 328 



of VLPNet improved progressively as additional P-wave information became available. The 329 

relatively narrow standard-deviation bands demonstrate that the performance trends were 330 

consistent across the five independent runs. 331 

The most rapid improvement occurred during the initial observation period. As the window 332 

increased from 0.5 to approximately 3.0 s, R2 and corr increased markedly, accompanied by 333 

substantial reductions in MAE and RMSE. Beyond approximately 3.0 s, the improvements 334 

became more gradual. Nevertheless, the performance continued to increase up to 6.0 s, 335 

indicating that the later portion of the P-wave signal still provided useful information for 336 

estimating the subsequent peak displacement. This pattern reflects a trade-off between 337 

prediction accuracy and warning timeliness: short windows provide earlier estimates, whereas 338 

longer windows improve accuracy but reduce the available warning time. 339 
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Fig. 6. Time-dependent prediction performance of VLPNet for log10A: (a) coefficient of 341 

determination (R2) and MAE; (b) Pearson correlation coefficient (corr) and RMSE. 342 

Fig. 7(a) further compares the predicted and actual log10A values at representative 343 

observation durations of 0.5, 3.0, and 6.0 s. At 0.5 s, the predicted values exhibited relatively 344 

large dispersion around the 1:1 line, with corr=0.558, MAE =0.466, and RMSE =0.606. The 345 

predicted range was also narrower than the actual range, indicating that the very short P-wave 346 

segment provided insufficient information to distinguish records with substantially different 347 



peak displacement amplitudes. When the observation duration increased to 3.0 s, the data points 348 

became more concentrated around the 1:1 line. The correlation coefficient increased to 0.808, 349 

while MAE and RMSE decreased to 0.320 and 0.432, respectively. At 6.0 s, the agreement 350 

between the predicted and actual values improved further, with corr =0.851, MAE =0.290, and 351 

RMSE =0.386. These results confirm that the additional temporal information contained in 352 

longer P-wave segments enabled the model to characterize the subsequent ground-motion 353 

intensity more accurately. 354 
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Fig. 7. Actual-predicted comparisons and residual distributions of log10A for the representative 356 

run at P-wave observation durations of 0.5, 3.0, and 6.0 s. 357 

The residual distributions shown in Fig. 7(b) provide further evidence of this improvement. 358 

At 0.5 s, the residual distribution was relatively broad and asymmetric, indicating large 359 

prediction uncertainty during the earliest observation stage. With increasing observation 360 

duration, the distribution became progressively narrower and more concentrated around zero. 361 



In particular, the 3.0- and 6.0-s residual distributions were considerably sharper than that for 362 

0.5 s. The reduction in both the distribution width and tail probability indicates that longer 363 

observation windows reduced not only the average prediction error but also the occurrence of 364 

relatively large errors. 365 

Because the final objective is earthquake-magnitude estimation, the predicted log10A 366 

values were converted into magnitude estimates, and the resulting magnitude residuals were 367 

analyzed. Fig. 8 presents the relationships between magnitude residual and target magnitude, 368 

as well as between magnitude residual and epicentral distance, at observation durations of 0.5, 369 

3.0, and 6.0 s. At 0.5 s, the magnitude estimates yielded an MAE of 0.458 and an RMSE of 370 

0.632. Approximately 66.0% and 88.4% of the estimates were within ±0.5 and ±1.0 magnitude 371 

units, respectively. Increasing the observation duration to 3.0 s reduced the MAE and RMSE to 372 

0.345 and 0.481, while the corresponding proportions increased to 77.9% and 94.9%. At 6.0 s, 373 

the MAE decreased further to 0.328 and the RMSE to 0.447, with 78.3% and 95.7% of the 374 

estimates falling within ±0.5 and ±1.0 magnitude units, respectively. Thus, a substantial 375 

improvement was achieved within the first 3 s, whereas the gain from 3.0 to 6.0 s was 376 

comparatively modest, particularly for the proportion of estimates within ±0.5 magnitude units. 377 

The residual-magnitude relationships in Fig. 8(a) reveal a magnitude-dependent error 378 

pattern. For relatively small events, the residuals were generally distributed around zero, 379 

whereas increasingly negative residuals were observed for larger events. This tendency was 380 

particularly pronounced at the 0.5-s observation duration and was reduced as the observation 381 

window increased. The systematic underestimation of large events can be attributed partly to 382 

the limited information contained in the initial P-wave segment and the lower representation of 383 



large-magnitude earthquakes in the training dataset. In addition, the use of error-based 384 

regression objectives tends to favor the more densely populated moderate-magnitude range, 385 

thereby producing predictions that regress toward the center of the training distribution. 386 
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Fig. 8. Magnitude residuals with respect to JMA magnitude and epicentral distance. 388 

As shown in Fig. 8(b), the magnitude residuals displayed a weaker dependence on 389 

epicentral distance than on target magnitude. The binned mean residuals remained relatively 390 

stable across most of the distance range, although a modest negative shift was observed at larger 391 

distances. This behavior may be related to distance-dependent attenuation, variations in signal-392 

to-noise ratio, and residual uncertainty in the magnitude-distance-amplitude relationship. 393 

Importantly, extending the observation duration narrowed the residual distributions over nearly 394 

the entire distance range, indicating that the benefit of incorporating additional P-wave 395 

information was not restricted to a particular distance interval. 396 

4.2 Comparison with Baseline Models 397 

To assess the effectiveness of VLPNet, its magnitude-estimation performance was 398 

compared with three conventional P-wave parameter-based methods: peak displacement ௗܲ, 399 



maximum predominant period 𝜏௣௠௔௫, and their combination ௗܲ + 𝜏௣௠௔௫. For each observation 400 

duration, the empirical relationships of the baseline methods were calibrated using only the 401 

training dataset and subsequently applied to the common test dataset. The same data partition 402 

and test records were used for all methods to ensure a consistent comparison. 403 

Fig. 9 compares the performance of the four methods over observation durations ranging 404 

from 0.5 to 6.0 s. Overall, VLPNet achieved the lowest MAE and the highest proportion of 405 

estimates within ±1 magnitude unit throughout the investigated duration range. At 0.5 s, 406 

VLPNet produced an MAE of 0.458, while 88.4% of its estimates fell within ±1 magnitude unit. 407 

Despite the limited information available in such a short P-wave segment, its performance was 408 

already superior to that of the three conventional parameter-based methods. As the observation 409 

duration increased, the performance of all methods generally improved, although the degree of 410 

improvement varied considerably. The ௗܲ-based method exhibited a marked reduction in MAE, 411 

indicating that peak displacement became increasingly informative as the P-wave window 412 

expanded. However, its error remained higher than that of VLPNet at all observation durations. 413 
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Fig. 9. Performance comparison of VLPNet and baseline methods: (a) MAE and (b) estimates 415 

within ±1 magnitude unit. 416 

Combining ௗܲ  and 𝜏௣௠௔௫  consistently improved the results compared with either 417 

parameter alone, particularly with respect to the percentage of estimates within ±1 magnitude 418 



unit. This improvement indicates that amplitude- and frequency-related parameters contain 419 

complementary information. Nevertheless, the combined empirical method remained less 420 

accurate than VLPNet. Unlike the baseline methods, which reduce each P-wave segment to one 421 

or two predefined scalar parameters, VLPNet learns amplitude, frequency, and temporal-422 

evolution characteristics directly from the waveform. Its consistently better performance 423 

therefore suggests that the original waveform contains useful predictive information that is not 424 

fully retained by the conventional parameters. 425 

Fig. 10 presents the magnitude residuals of the three baseline methods at an observation 426 

duration of 3.0 s. The ௗܲ-based method yielded an MAE of 0.569 and an RMSE of 0.751, with 427 

52.6% and 85.2% of the estimates falling within ±0.5 and ±1 magnitude units, respectively. Its 428 

residuals showed a relatively wide distribution and tended to become more negative with 429 

increasing magnitude. The 𝜏௣௠௔௫-based method exhibited the largest errors, with an MAE of 430 

0.702 and an RMSE of 0.983, while the corresponding proportions were only 47.6% and 77.2%. 431 

Its broad residual distribution suggests that 𝜏௣௠௔௫ alone provided relatively limited magnitude-432 

discrimination capability in the present dataset. Combining ௗܲ and 𝜏௣௠௔௫ improved the MAE 433 

and RMSE to 0.479 and 0.658 and increased the proportions within ±0.5 and ±1 magnitude 434 

units to 62.8% and 90.9%, respectively. This improvement indicates that the two parameters 435 

provide complementary amplitude- and frequency-related information. Nevertheless, some 436 

magnitude-dependent variation remained in the binned mean residuals, and the overall 437 

dispersion was still greater than that obtained using VLPNet. 438 
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Fig. 10. Magnitude residuals of the baseline methods at a 3-s P-wave observation duration. (a) 440 

ௗܲ, (b) 𝜏௣௠௔௫, (c) ௗܲ + 𝜏௣௠௔௫ . 441 

Fig. 11 provides a direct quantitative comparison of the four methods at the 3.0-s 442 

observation duration. VLPNet achieved an MAE of 0.345 and an RMSE of 0.481, substantially 443 

lower than those of the baseline methods. Relative to the ௗܲ-based method, VLPNet reduced 444 

MAE and RMSE by 39.4% and 36.0%, respectively. Compared with 𝜏௣௠௔௫, the corresponding 445 

reductions were 50.9% and 51.1%. Even compared with the combined ௗܲ + 𝜏௣௠௔௫  method, 446 

VLPNet reduced MAE by 28.0% and RMSE by 26.9%. 447 
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Fig. 11. Performance comparison at a 3-s P-wave duration: (a) errors and (b) estimates within 449 

specified error ranges. 450 

The advantage of VLPNet was also evident under the two magnitude-error thresholds. At 451 

3.0 s, 77.9% of the VLPNet estimates were within ±0.5 magnitude units, exceeding the results 452 

of ௗܲ, 𝜏௣௠௔௫, and ௗܲ + 𝜏௣௠௔௫ by 25.3, 30.3, and 15.1 percentage points, respectively. Similarly, 453 

94.9% of the VLPNet estimates were within ±1 magnitude unit, representing improvements of 454 



9.7, 17.7, and 4.0 percentage points over the three baseline methods, respectively. Although the 455 

improvement over the combined method was smaller under the ±1 criterion, VLPNet exhibited 456 

a clearer advantage under the stricter ±0.5 criterion and in terms of both MAE and RMSE. 457 

Overall, the comparison demonstrates that VLPNet provides more accurate and stable 458 

magnitude estimates than the conventional ௗܲ  and 𝜏௣௠௔௫  based methods. The combined 459 

empirical method benefits from incorporating both amplitude- and frequency-related 460 

information but still relies on a limited representation of the P-wave signal. By directly learning 461 

multiscale local features and their temporal dependencies from variable-length waveforms, 462 

VLPNet preserves more of the information carried by the evolving P-wave segment. This 463 

advantage is particularly relevant during the earliest observation stage, when robust estimation 464 

from limited waveform information is essential for earthquake early warning. 465 

4.3 Performance under Different Site Conditions 466 

To evaluate the generalization capability of VLPNet under different site conditions, the test 467 

dataset was divided into hard-rock, intermediate, and soft-soil groups according to the site 468 

classification described in Section 2.3. The same trained model was applied to all three site 469 

classes without site-specific retraining or parameter adjustment. To avoid interference caused 470 

by changes in sample composition, the same test records containing complete 6-s P-wave 471 

segments were used for all observation durations. Model performance was evaluated using the 472 

mean absolute error (MAE), the proportion of estimates within ±1 magnitude unit, and the 473 

distribution of magnitude residuals. 474 

Fig. 12 presents the variation in model performance with P-wave observation duration for 475 

the three site classes. Overall, as the observation duration increased from 0.5 to 6.0 s, the MAE 476 



decreased and the proportion of estimates within ±1 magnitude unit increased for all site classes. 477 

These results demonstrate that the magnitude-estimation error was progressively reduced as 478 

additional P-wave information became available. The performance improvement was more 479 

pronounced during the early observation period, whereas the changes in both metrics gradually 480 

diminished at longer observation durations. This trend indicates a decreasing marginal 481 

contribution of additional P-wave information to magnitude estimation. The performance 482 

curves for the three site classes exhibited generally consistent trends, indicating that the model 483 

extracted stable temporal features from records obtained under different site conditions. The 484 

improvement with increasing observation duration was therefore not limited to a particular site 485 

class. In addition, the error bars obtained from different random seeds remained relatively 486 

narrow and did not expand noticeably with observation duration, demonstrating satisfactory 487 

repeatability and training stability. Although some differences were observed among the three 488 

site classes, these differences primarily concerned the overall error level rather than the 489 

temporal pattern of performance improvement. 490 
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Fig. 12. Magnitude-estimation performance of the VLPNet model under different site 492 

conditions. (a) MAE, (b) proportion of predictions within ±1 magnitude unit. 493 

Considering the balance between warning timeliness and prediction accuracy, a 3-s P-wave 494 



observation duration was selected for a more detailed comparison of the residual distributions 495 

among the three site classes. Fig. 13 presents the box-and-scatter plots of the magnitude 496 

residuals, while the corresponding quantitative results are summarized in Table 2. At the 3-s 497 

observation duration, the hard-rock, intermediate, and soft-soil subsets contained 356, 732, and 498 

192 test records, respectively. The residual standard deviations ranged from 0.443 to 0.453, 499 

with a maximum difference of only 0.010. This close agreement indicates that the dispersion of 500 

the prediction errors was largely consistent across the three site classes. The intermediate sites 501 

achieved the lowest MAE of 0.333 and the highest proportion of estimates within ±0.5 502 

magnitude units, at 81.28%. The soft-soil sites produced a comparable MAE of 0.334 and the 503 

lowest RMSE of 0.456. In comparison, the hard-rock sites exhibited relatively larger errors, 504 

with an MAE of 0.396 and an RMSE of 0.523. 505 

Table 2. Magnitude-estimation performance of the VLPNet model for different site classes at 506 

a 3-s observation duration. 507 

Site class Residual SD MAE RMSE Within ±0.5 (%) Within ±1.0 (%) 
Hard rock 0.443 0.396 0.523 73.03 93.26 

Intermediate 0.453 0.333 0.477 81.28 95.77 

Soft soil 0.448 0.334 0.456 78.65 95.31 
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Fig. 13. Magnitude-residual distributions of the VLPNet model under different site conditions 509 

at a 3-s observation duration. 510 



In terms of the practically acceptable error range, 93.26%, 95.77%, and 95.31% of the 511 

estimates for the hard-rock, intermediate, and soft-soil sites, respectively, were within ±1 512 

magnitude unit. All three proportions exceeded 93%, indicating that the model maintained 513 

satisfactory magnitude-estimation accuracy under different site conditions, even when only a 514 

relatively short 3-s P-wave segment was available. The proportions within ±0.5 magnitude units 515 

ranged from 73.03% to 81.28%, with greater differences among the site classes than those 516 

observed for the ±1 magnitude threshold. This result suggests that site conditions exert a more 517 

noticeable influence when a stricter error criterion is applied. 518 

The residual distributions further show that most estimates were concentrated around zero, 519 

although a small number of records in each site class fell outside the ±1 magnitude-unit range. 520 

The residual distribution for the hard-rock sites was more strongly shifted toward negative 521 

values, indicating a more pronounced tendency toward magnitude underestimation. By 522 

comparison, the residual centers for the intermediate and soft-soil sites were closer to zero. 523 

Meanwhile, the widths of the three residual distributions were similar, consistent with their 524 

nearly identical residual standard deviations. Therefore, the influence of site conditions was 525 

primarily reflected in changes in the central tendency of the residuals rather than in a substantial 526 

increase in prediction dispersion. 527 

The observed differences may be associated with the effects of local site conditions on 528 

ground-motion amplitudes and frequency characteristics. VLPNet first predicts the logarithmic 529 

peak horizontal displacement from the borehole vertical P-wave record, after which the 530 

magnitude is estimated using a unified magnitude–distance–amplitude relationship. Hard-rock 531 

sites generally exhibit weaker site amplification and may therefore produce smaller ground-532 



motion amplitudes than softer sites for events with similar magnitudes and hypocentral 533 

distances. Consequently, applying a unified magnitude-inversion relationship without an 534 

explicit site term may result in a greater degree of magnitude underestimation for hard-rock 535 

sites. Nevertheless, this behavior may also be affected by differences in P-wave characteristics, 536 

the empirical inversion relationship, and the unequal sample sizes of the three site classes. The 537 

observed performance differences therefore cannot be attributed to a single factor based on the 538 

current analysis. 539 

Overall, VLPNet exhibited consistent performance improvements with increasing P-wave 540 

observation duration across all three site classes. The residual standard deviations remained 541 

close to 0.45, and more than 93% of the 3-s estimates were within ±1 magnitude unit for each 542 

site class, demonstrating satisfactory robustness to varying site conditions. However, the hard-543 

rock group showed relatively higher MAE and RMSE values and a more pronounced 544 

underestimation tendency. Future improvements could incorporate a site correction term into 545 

the magnitude-inversion relationship or introduce site class and related site parameters as 546 

auxiliary model inputs to reduce systematic performance differences among site conditions. 547 

5. Conclusions and Limitations 548 

This study proposed VLPNet, a unified deep learning model for single-station magnitude 549 

estimation from variable-length P-wave records. The model predicts the logarithm of the 550 

complete-record peak horizontal displacement and subsequently combines it with hypocentral 551 

distance to estimate magnitude. Its performance was evaluated at different observation 552 

durations, against conventional parameter-based methods, and under different site conditions. 553 

The main conclusions are as follows: 554 



(1) VLPNet processes P-wave records of any duration between 0.5 and 6.0 s using a single 555 

set of network parameters, enabling continuous magnitude updates without separate models for 556 

predefined observation windows. Valid-length packing excludes zero-padded samples from 557 

temporal modeling. 558 

(2) Prediction accuracy improved with increasing observation duration. The magnitude 559 

MAE decreased from 0.461±0.002 at 0.5 s to 0.317±0.010 at 6.0 s, while the proportion of 560 

estimates within ±1 magnitude unit increased from 89.2%±0.7% to 96.5%±0.2%. 561 

(3) Compared with conventional parameter-based models that rely on a limited number of 562 

manually defined P-wave features, VLPNet directly extracts magnitude-related information 563 

from the evolving waveform. It generally outperformed the ௗܲ, 𝜏௣௠௔௫, and ௗܲ + 𝜏௣௠௔௫ based 564 

methods and maintained broadly consistent performance across the three site classes. 565 

This study has several limitations that warrant further investigation. Although the present 566 

results demonstrate the effectiveness of VLPNet on the KiK-net dataset, its transferability 567 

across different seismic regions and magnitude ranges requires further evaluation. Event-aware 568 

and multi-station learning strategies could also be explored to make fuller use of records 569 

obtained at multiple stations during the same earthquake. In addition, the robustness of the 570 

framework to real-time uncertainties in P-wave picking and hypocentral-distance estimates 571 

should be systematically assessed. 572 

  573 
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