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Supplementary Method 1. Earthquake location uncertainty analysis 34 

We applied the bootstrapping method1,2 to evaluate earthquake location 35 

uncertainties from hypoDD. In each bootstrap run, we randomly resampled differential 36 

traveltimes while keeping the total number of differential traveltimes equal to that of 37 

the original dataset. Using the resampled differential traveltimes, we then relocated the 38 

earthquakes by hypoDD. This process was repeated 100 times, yielding 100 relocation 39 

estimates for each event. The location uncertainty for each event was determined by the 40 

standard deviation of its 100 relocations. Finally, we found that the average location 41 

uncertainties of all events were 0.25 km in the E-W direction, 0.14 km in the N-S 42 

direction, and 0.46 km in the vertical direction (Supplementary Fig. 3). 43 

To evaluate location uncertainties arising from the choice of velocity model, we 44 

compiled 10 1D velocity models of the Sichuan Basin from different studies 45 

(Supplementary Fig. 2)3-12. Because the model of Meng, et al.4 based on vertical sonic 46 

logging covers only a limited depth range (0-2.8 km), we excluded it and used the 47 

remaining 9 models to evaluate location uncertainties following the same routine as 48 

described in the main text. The location uncertainty for each event was determined by 49 

the standard deviation of the 9 relocations. The average uncertainties of all events in 50 

the E-W, N-S and vertical directions are 0.54, 0.22, and 1.30 km, respectively 51 

(Supplementary Fig. 4). 52 

 53 

Supplementary Method 2. Model resolution test 54 

In order to evaluate the resolution of the inverted velocity models, we employed 55 

both the restoration test and the checkerboard resolution test (CRT)13. The restoration 56 

test was done by first calculating synthetic traveltimes based on the actual distribution 57 

of seismic events and stations, as well as the velocity models inverted by the Vp/Vs 58 

model consistency-constrained double-difference seismic tomography method 59 

(tomoDDMC)14. These synthetic traveltimes are used as the input for the tomoDDMC 60 

inversion with the starting models and inversion parameters same as the real data 61 

inversion. The restored models are then compared with the real data inversion models 62 

(Supplementary Fig. 9). Generally, the velocity models from the real data inversion are 63 



accurately restored, therefore, buttressing the reliability of the inverted models. 64 

The checkerboard velocity models were generated by adding +5% and −5% 65 

velocity perturbations to the initial models. Because the checkerboard patterns of the 66 

Vp and Vs models are set to be opposite at the same grid nodes, the velocity 67 

perturbations of the Vp/Vs model vary between +10.5% and −9.5%. These 68 

checkerboard models were then utilized to calculate synthetic traveltimes based on the 69 

actual distribution of seismic events and stations. Finally, we applied tomoDDMC 70 

method14 to the synthetic data using the same starting models and inversion parameters 71 

(with the exception of reduced smoothing and damping parameters of 1 and 40, 72 

respectively) in the real data inversion. Supplementary Fig. 9 shows the inverted 73 

velocity models. It can be seen that the checkerboard patterns are most evident in the 74 

source areas, indicating that the velocity structures in these regions can be well resolved. 75 

 76 

Supplementary Method 3. In-situ Vp/Vs estimation 77 

To verify the reliability of the Vp/Vs model obtained by tomoDDMC, we 78 

estimated the Vp/Vs values for some tomography grid node using an in-situ Vp/Vs 79 

analysis method15 based on high-precision cross-correlation differential traveltimes. 80 

First, the seismic events within 1 km of each tomography grid node is regarded as a 81 

cluster. For each pair of seismic events within a cluster, if the spacing between the two 82 

events is sufficiently small with respect to the source-station distance, the seismic 83 

velocity can be assumed to be constant locally, and the incident waveform fronts at each 84 

station can be approximated as horizontal planes. In this case, the P-wave differential 85 

traveltimes 𝛿𝑇!" between the two events at the station 𝑖 can be expressed as:  86 

 𝛿𝑇!" = 𝑇!#" − 𝑇!$" = %&!"

'!
 (1) 87 

where	 𝑇!$"  and 𝑇!#"  are the traveltimes of events 1 and 2, respectively,	 𝛿𝑙!"  is the 88 

difference in raypath distance between the two events, and 𝑉!  is the local P-wave 89 

velocity. Similarly, the S-wave differential traveltimes 𝛿𝑇(" between the two events at 90 

the station 𝑖 can be expressed as: 91 



 𝛿𝑇)" = 𝑇)#" − 𝑇)$" =
%&#"

'#
 (2) 92 

If the spacing between the two events is sufficiently small with respect to the source-93 

station distance, it can be assumed that	 𝛿𝑙!" = 𝛿𝑙)" , and therefore the in-situ Vp/Vs ratio 94 

can be estimated directly from the differential traveltimes, 95 

 '!
'#
= %*#"

%*!"
 (3) 96 

The in-situ Vp/Vs ratio for each seismic cluster can be estimated by fitting the 97 

slope of the differential traveltimes	 𝛿𝑇!"-𝛿𝑇)" for each event pair. For cross-correlation-98 

based differential traveltimes of event pairs with cross-correlation coefficients cc ≥ 99 

0.6, we first removed influential points based on Cook's distance16. If three or more 100 

differential traveltimes	remain after removing the influential points, these differential 101 

traveltimes	 are retained and demeaned to minimize the effect of varying y-axis 102 

intercepts for different event pairs due to uncertainty in the seismic origin time. If the 103 

total number of retained differential traveltimes for all event pairs in a cluster exceeds 104 

100, a least-squares fit is performed after removing high leverage and influential 105 

points16,17 and removing points with large residuals (greater than 3 times the standard 106 

deviation of the residuals). Finally, a least-squares fit is performed using the remaining 107 

differential traveltimes and the slope of the resulting line represents the in-situ Vp/Vs 108 

ratio for the cluster. 109 

To determine the uncertainties of the in-situ Vp/Vs estimates, we applied the 110 

bootstrapping method1,15. For each 3D grid node, we fit the slope of the line using the 111 

randomly resampled differential traveltimes 𝛿𝑇!"-𝛿𝑇)". This process was repeated 100 112 

times, and the uncertainty of the in-situ Vp/Vs value at each grid node was determined 113 

by the standard deviation of the 100 Vp/Vs estimates.  114 

  115 



 116 

Supplementary Fig. 1. Earthquake magnitude-frequency distribution. The blue bars represent 117 
the histogram of seismic moment magnitude MW. The open squares represent the cumulative 118 
earthquake number. The triangle represents the completeness magnitude MC. 119 

 120 
Supplementary Fig. 2. 1D velocity models of the Sichuan Basin assembled from different 121 
studies3-12. The solid and dashed lines represent the Vp and Vs models, respectively. 122 



 123 

Supplementary Fig. 3. Distribution of the earthquake location uncertainties determined using 124 
the bootstrapping method. The location uncertainties are indicated by the colors of the dots. (a) 125 
shows the location uncertainties in the map view, while (b) and (c) show the uncertainties in the N-126 
S and W-E directions, respectively. (d) shows the histograms of the location uncertainties in the 127 
longitude (blue bars), latitude (red bars) and depth (yellow bars) directions, respectively. 128 



 129 

Supplementary Fig. 4. Distribution of the earthquake location uncertainties related to 130 
different 1D velocity models in Supplementary Fig. 2. The symbols are the same as those in 131 
Supplementary Fig. 3.  132 



 133 

Supplementary Fig. 5. Focal mechanism solution (represented by the beachball) of the 134 
2023/08/18 Mw 3.6 earthquake. The source parameters of this event are given below the beachball. 135 
The blue and red lines in the right panel represent the observed and modeled seismograms, 136 
respectively. The number at the upper right corner of each waveform pair represents the maximum 137 
cross-correlation coefficient between observed and modeled seismograms. The signs at the lower 138 
right corner of each waveform pair in the left column represent the comparison between observed 139 
(left) and modeled (right) P wave first motion polarities. The numbers at the lower right corner of 140 
each waveform pair in the right column represent the comparison between observed (left) and 141 
modeled (right) S/P amplitude ratios. 142 



 143 

Supplementary Fig. 6. Focal mechanism solution (represented by the beachball) of the 144 
2023/08/18 Mw3.4 earthquake. The symbols are the same as those in Supplementary Fig. 5. 145 
  146 



 147 

Supplementary Fig. 7. Focal mechanism solution (represented by the beachball) of the 148 
2023/08/18 Mw3.7 earthquake. The symbols are the same as those in Supplementary Fig. 5. 149 
  150 



 151 

Supplementary Fig. 8. Focal mechanism solution (represented by the beachball) of the 152 
2023/08/19 Mw3.9 earthquake. The symbols are the same as those in Supplementary Fig. 5. 153 
  154 
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 156 

Supplementary Fig. 9. Depth slices of the inverted and restored Vp, Vs and Vp/Vs models as 157 
well as recovered checkerboard models at different depths. (a) Slices at 2 km depth. (b) Slices 158 



at 4 km depth.  159 

 160 

 161 

Supplementary Fig. 9. Continued. (c) Slices at 6 km depth. (d) Slices at 8 km depth. 162 



 163 
Supplementary Fig. 10. Cross plots of differential P-wave (𝜹𝑻𝒑𝒊 ) and S-wave traveltimes (𝜹𝑻𝒔𝒊 ) 164 
for each grid nodes. The Vp/Vs values determined by in-situ estimation and seismic tomography 165 
as well as the uncertainty obtained using the bootstrapping method are given in the title of each sub-166 
figure. The coordinates of the grid nodes are given in the lower right corner of each sub-figure. The 167 
blue circles represent the original data. The red plus signs represent the high leverage points. The 168 
red crosses represent the high Cook’s distance points. The blue lines represent the first fit. The green 169 
crosses represent the outliers after the first fit. The green lines represent the second fit. 170 



 171 
Supplementary Fig. 10. Continued. 172 
 173 



 174 
Supplementary Fig. 11. Traveltime-hypocentral distance curves for P- (a) and S-waves (b). 175 
The black lines represent the best-fit linear regression derived from the data. Data points lying 176 
outside the green threshold lines were excluded. 177 

 178 

Supplementary Fig. 12. Inversion grid setting for double-difference seismic tomography. (a) 179 
The plane view of the grid nodes (red crosses). (b) Vertical cross-section of the grid nodes. The 180 
black dots represent the earthquakes. 181 



 182 
Supplementary Fig. 13. Regional 1D velocity model with Vp/Vs ratio of 1.73 used as the 183 
starting model for the earthquake location and seismic tomography. 184 

 185 

Supplementary Fig. 14. Regularization parameters determined using the trade-off curves. The 186 
red circles represent the optimal values of the damping (a) and smoothing (b) parameters. 187 
 188 
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