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Strong aftershocks, especially the disaster-causing M≥5.0 kind, are a key concern for mitigation of seismic risks because they often lead to superimposed earthquake damage. However, the real-time forecasting results of the traditional probability prediction models based on statistics are usually far from accurate and therefore unsatisfactory. Borrowing an idea from the foreshock traffic light system (FTLS), which is based on observations of decreasing b-values or increasing differential stress just before a strong aftershock, we constructed a strong aftershock traffic light system (SATLS) that uses data-driven technology to improve the reliability of time sequence b-value calculations, and analyzed the b-value variations of strong aftershocks in the China continent. We applied this system to the MS6.9 Menyuan earthquake occurred on 8 January 2022. The earthquake occurrence rates before the largest aftershock (MS5.2) forecast by the Omi-R-J model were too low, although the model could accurately forecast aftershock rates for each magnitude interval in most time-periods. However, reliable b-values can be calculated using the time-sequence b-value data-driven (TbDD) method, and the results showed that the b-values continued declining from 1.3 days before the MS5.2 aftershock and gradually recovered afterward. This would suggest that the stress evolution in the focal area can provide data for deciding when to post risk alerts of strong aftershocks. In the process of building the SATLS, we studied thirty-four M≥6.0 intraplate earthquake sequences in the China continent and concluded that the differences between the b-values of the aftershock sequences and of the background events, △b = bafter - bbg = ±0.1, could be used as thresholds to determine whether M≥5.0 aftershocks would occur. The △b value obtained using the events before the MS5.2 aftershock of the MS6.9 Menyuan sequence was about -0.04, which would have caused the SATLS to declare a yellow alert, but there would have been some gap expected before a red alert was triggered by the b-value difference derived from the events associated with this strong aftershock. To accurately forecast a strong aftershock of M≥5.0, a deeper understanding of the true b-value and a detailed description of the stress evolution state in the source area is necessary.
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INTRODUCTION
The disastrous effects of superimposed strong aftershocks on buildings and structures have aggravated casualties and property losses, such as occurred in the M7.1 Luanxian strong aftershock and the M6.9 Ninghe strong aftershock after the 1976 M7.8 Tangshan earthquake (Lv et al., 2007) and the strong M6.3 aftershock after the 2010 M7.1 earthquake in New Zealand (Zhang et al., 2011). Accurate and reliable forecasting of strong aftershocks is of great importance to post-earthquake emergency evacuation, secondary disaster disposal, and decision-making for restoration and reconstruction (Woessner et al., 2011; Nanjo et al., 2012; Ogata et al., 2013). Traditional strong aftershock forecasting, which is realized mainly by short-term probability forecasting models (Jiang et al., 2018; Bi et al., 2020; Bi and Jiang, 2020) such as the Reasenberg–Jones (R-J) model (Reasenberg and Jones, 1989), the epidemic-type aftershock sequence (ETAS) model (Ogata, 1989), and the Omi-R-J model (Omi et al., 2013, 2015, 2016), still faces great challenges in real-time functionality and accuracy (Lippiello et al., 2017). For example, the Japan Meteorological Agency (JMA) announced a low-probability forecast of M≥5.5 aftershocks for the 2005 M7.0 earthquake off the coast of western Fukuoka Prefecture, Kyushu District, Japan; but, in fact, the earthquake was followed by the largest aftershock of M5.8 (Ogata, 2006). In addition, using only the ETAS model to predict the frequency of strong aftershocks in Japan and Southern California (Grimm et al., 2021) and the largest expected aftershock of the 2019 Ridgecrest earthquake sequence in the United States (Shcherbakov, 2021) revealed the model’s obvious shortcomings.
In recent years, a new route for the development of strong aftershock forecasting technology has employed the concept of graded risk assessment to improve the operability of forecasting based on abnormal aftershock activity (Matsu’ura, 1986; Ogata, 2001). Gulia and Wiemer (2019) proposed the foreshock traffic light system (FTLS), which uses b-values that are sensitive to stress changes, and achieved good results in earthquake cases studies. The theoretical basis of FTLS posits that the b-value in relation to G-R can be used as an indirect description of underground differential stress (Gutenberg and Richter, 1944; Scholz, 1968; Scholz, 2015), and that the change in b-value is related to the state of underground stress load (Chan and Chandler, 2001; Nandan et al., 2017; Si and Jiang, 2019); some earthquake cases studies showed that the b-value can increase by 20% after the main shock and decrease by 10% or more before the strong aftershock (Gulia et al., 2018; Gulia and Wiemer, 2019). Nanjo et al. (2022) further improved FTLS by combining local aseismic slips with stress changes. In addition, the idea of a risk classification traffic light system was also widely applied in research of induced earthquake risk control (Jiang et al., 2021b), aftershock hazard analysis (Gulia et al., 2020), and risk assessment of cumulative structural damage caused by aftershocks (Trevlopoulos et al., 2020). However, there is still room for further development in the technical route of strong aftershock forecasting. This can be accomplished through improvements in the risk classification method by an empirical understanding that the b-value change of aftershocks compared to that before the earthquake is universal in different tectonic regions and an increased awareness of the influence of subjectivity in the calculation of time series b-values (Jiang et al., 2021a; Jiang et al., 2021).
On 8 January 2022, an MS6.9 earthquake struck Menyuan County, Qinghai Province, northwestern China, and ruptured the Tuolaishan fault (TLSF) and the Lenglongling fault (LLLF) for about 415 km. It affected nearly 6,000 people, damaged more than 4,000 homes and buildings, and caused a large number of secondary disasters such as local slope collapse, rolling stones, cracking of frozen soil, and arch deformation of ice surfaces (https://m.gmw.cn/baijia/2022-01/20/35460649.html). Two strong aftershocks of MS5.1 and MS5.2 occurred on January 8 and January 12, respectively, and the latter caused the aftershock area to extend more than 10 km toward the southeast, which was close to the aftershock area of the 2016 MS6.4 Menyuan earthquake. This phenomenon brought widespread concerns about the strong aftershock risk of the 2022 MS6.9 Menyuan earthquake. To investigate this risk, we first carried out quantitative aftershock probability forecasting and analyzed the forecasting effectiveness. Second, based on cases studies of the time evolution of b-values of intraplate earthquake sequences in the China continent and the occurrence regularity of strong aftershocks, we constructed a strong aftershock traffic light system (SATLS), which is more universal than the FTLS, to qualitatively evaluate the risk of strong aftershocks after the 2022 MS6.9 Menyuan earthquake. This study provides a scientific basis for improving the forecasting of strong aftershocks following similar complex earthquake sequences.
QUANTITATIVE FORECASTING USING THE OMI-R-J MODEL
We used the Omi-R-J model (Omi et al., 2013) to conduct aftershock probability forecasting for the MS6.9 Menyuan earthquake sequence and evaluated the performance of this forecasting method. The Omi-R-J model, which combines the traditional R-J model (Reasenberg and Jones, 1989) with the OK1993 model (Ogata and Katsura, 1993) describing the magnitude–frequency relationship in the form of a continuous function, can make full use of a large number of small earthquakes below the completeness magnitude in the early stages of an earthquake sequence and produce relatively reliable and stable results in terms of parameter fitting to the model and forecasting of the aftershock occurrence rate. Under the conditions of a non-cumulative magnitude–frequency distribution, the OK1993 model is expressed as:
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where M is magnitude and [image: image]. [image: image] is a probability function, which describes the detection-rate of earthquakes and ranges [0, 1]. It is expressed in the form of a cumulative normal distribution:
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where the parameter [image: image] indicates the magnitude where earthquakes are detected at a rate of 50% and [image: image] represents the range of magnitudes where earthquakes are more or less partially detected (Ogata and Katsura, 1993). The two parameters can generally be combined to describe the completeness of earthquake catalogs. Specifically, the minimum magnitude of completeness, MC, can be approximately expressed using µ + 2σ or µ + 3σ, which represents the complete record of magnitude at the 95.44% or 99.74% confidence level, respectively (Mignan and Woessner, 2012; Iwata, 2013).
Given a set of magnitudes [image: image], the seismic probability density function and the log-likelihood function can be written as:
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Furthermore, we can obtain the parameters β, σ, and the dynamic [image: image] by the ‘state-space’ model, as well as p, c, k, and their standard deviations (Omi et al., 2013) by the Omori–Utsu formula (Omori, 1894; Utsu, 1961). Finally, we forecast the number of aftershocks with magnitudes M>Mp (here Mp represents the minimum forecasting magnitude), which would take place during an arbitrary time interval [t2, te]:
[image: image]
In the study of the 2022 MS6.9 Menyuan earthquake sequence, we used the catalog provided by the China Earthquake Networks Center (37.6–37.9°N, 100.9–101.6°E) between 2022/01/08 and 2022/01/13. Statistically, the aftershock sequence of the M6.9 Menyuan earthquake included two M≥5.0 aftershocks, nine M4.0∼4.9 earthquakes, and forty-one M3.0∼3.9 earthquakes (Figure 1). Parameter fitting and aftershock forecasting were performed using the Omi-R-J model, from 0.05 days after the main shock until 5.15 days, with steps of 0.05 days, totaling 103 time periods. It can be seen from Figure 2 that the expected parameters of the early post-earthquake sequence (t2 = 1.00 days) are β =1.927 ± 0.083, k = 0.004 ± 0.002, p = 0.900 ± 0.051, and c = 0.004 ± 0.002, where the parameter β was calculated from β = ln(10)×b. In order to illustrate the evaluation results, Figures 2B,D depict the forecasted occurrence rates of M>2.95 for two periods of 1.00∼2.00 days and 1.00∼4.00 days after the main shock. The observed earthquake numbers for the two time periods were both within the 95% confidence intervals of the forecasted numbers, and the score values were [0.4238, 0.7283] and [0.4009, 0.7067] by the N-test (Kagan and Jackson, 1995; Schorlemmer et al., 2007; Zechar, 2010), respectively.
[image: Figure 1]FIGURE 1 | Spatial distribution of epicenters. The black dots represent background events before the Menyuan MS6.9 since 1970. The gray dot represents the 2016 MS6.4 Menyuan earthquake sequence, and the green dots represent the 2022 MS6.9 Menyuan earthquake sequence. LLLF stands for Lenglongling fault, NTLSF is the north Lenglongling fault, and TLSF is the Tuolaishan fault.
[image: Figure 2]FIGURE 2 | Future 1-day and 3-day aftershock forecasting for the Menyuan MS6.9 earthquake sequence using the Omi-R-J model. (A,B) Time period of 1.00–2.00 days and (C,D) time period of 1.00–4.00 days after the main shock. (A,C) Comparison of magnitude–cumulative frequency between forecasting (red lines) and actual observed aftershocks (black dots) and their 95% confidence intervals (pink areas). (B,D) Comparison of magnitude–cumulative frequency between forecasting (red curves) and actual observed aftershocks (black curves) of M>2.95 and their 95% confidence intervals (red dashed lines), and the forecasting starting and ending times (black vertical dashed lines) are delineated.
The N-test was intended to measure how well the total number of forecasted earthquakes matched the number of events observed. We used a one-sided test with an effective significance value, αeff, which is half of the intended significance value, α. In other words, we intended to maintain an error rate of α= 5% and to compare both δ1 and δ2 with a critical value of αeff = 0.025. If δ1 is less than αeff, the forecast rate is too low (under-prediction) and if δ2 is less than αeff, the forecast rate is too high (over-prediction). To quantitatively investigate the accuracy of the forecasted occurrence rates of strong aftershocks for different target magnitudes, MT = [3.0, 3.5, 4.0] of the MS6.9 Menyuan earthquake sequence, the N-test method was used to evaluate the performance results (Figure 3). The gray vertical line denotes the connection between the δ1 score and the δ2 score. Black diamonds and blue squares represent the results of δ1<0.025 and δ2<0.025, respectively. There is no blue square (δ2 <0.025) in Figure 3, which indicates that there was no over-prediction in the forecasting period. The Omi-R-J method shows good forecasting ability for early strong aftershocks, and the blank space indicates that the actual number of earthquakes was zero. Ignoring the influence of ‘no earthquakes’, there was no over-prediction forecasting. The Omi-R-J model had 9, 8, and 7 forecasting failures before and after the strong aftershocks of MS5.2 with respect to MT = [3.0, 3.5, 4.0]; thus, for complex earthquake sequences, the Omi-R-J model with good fitting performance has some limitations. Further analysis of the period of forecasting failure shows that before and after the MS5.2 strong aftershock of January 12, there was obvious under-prediction forecasting, which coincides with the main period of forecasting failure.
[image: Figure 3]FIGURE 3 | N-test results for future 1-day aftershock forecasting of the Menyuan MS6.9 earthquake sequence. (A–C) Forecasting performance evaluation of the Omi-R-J model for the three target magnitudes, 3.0, 3.5, 4.0, respectively. The vertical gray dashed lines connect the δ1 and δ2 values, while the black diamonds and blue squares show the results with δ1<0.025 and δ2<0.025, respectively. The blank area indicates that no event of corresponding magnitudes have occurred in the forecasting period.
TIME-SERIES B-VALUE CALCULATIONS BASED ON A DATA-DRIVEN METHOD
Data-driven technology provides a new solution to the problem of subjectivity of model selection in the calculation of seismicity parameters. In this paper, we utilized the time-sequence b-value data-driven (TbDD) method proposed by Jiang et al. (2021a) to analyze the MS6.9 Menyuan earthquake sequence. The TbDD method consists of three major steps:
1) Selection of the magnitude–frequency distribution function. TbDD adopts the OK1993 model of a continuous distribution function given by Ogata and Katsura (1993) in a magnitude–frequency distribution relationship, which makes it superior by simultaneously determining the minimum magnitude of completeness and obtaining b-values.
2) Random partitioning in the time axis. In the model construction, it is necessary to randomly partition the given research time period [t0, t1] between the start time, t0, and the end time, t1.① A random number generator was used to generate random time nodes, T = {T1, T2, … , Tk}, where k is the number of time nodes. Correspondingly, the time period [t0, t1] was divided into time segments S = {S1, S2, … , Sk+1}, which constitute a model. ② We repeated step ① w times to obtain the w group partitioning schemes {Pi, i = 1, 2, … , w} on the time axis, that is, w models. ③ We repeated the aforementioned partitioning steps ① and ② with increasing k from 1 to n, where n is the maximum number of time nodes. For the time segments S = {S1, S2, … , Sk+1} of each model (or each partitioning scheme), the parameters of the OK1993 model [β, μ, σ] can be calculated using the events included in each time segment, and the total number of calculations was w×(n+1) times.
For any moment ti in the time interval (t0, t1), the b-value is derived from the events both before and after ti. For the moment t0, the b-value is calculated by using only the events after t0, and for the moment t1, the b-value is obtained by using only the events before t1. Therefore, only at the moment of t1, the TbDD method has the characteristic of forward-forecasting. As time continues to move forward, the b-value at the original t1 will be changed and updated.
3) Selection of the optimal models and calculation of ensemble median b-values. In order to select the optimal models most likely to reflect the final calculation results among a large number of models, the TbDD method adopted Bayesian information criteria (BIC) (Schwarz, 1978):
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where [image: image] is the log-likelihood value of the OK1993 model given by formula (5), k is the degrees of freedom of the model, and N is the number of events for calculation. Because BIC is a penalized log-likelihood function, the smaller that BIC is, the closer to the true value the estimated parameters are. We ranked the BIC values of all the models obtained using Eq. 7 and selected the 5% models with minimum BIC values as the optimal ones. We used these optimal models to form an ensemble model and obtained the ensemble median b-value of the time-sequence as the final result. The median absolute deviation (MAD) was used as the uncertainty of the b-value.
We implemented TbDD to calculate the b-values of the MS6.9 Menyuan earthquake sequence, attempting to use different maximum time segments (n+1) and different partitioning times (w). The models with the 5% lowest BIC values were taken as the optimal models, and the ensemble median values of the b-values were calculated as the final result. The BIC value distribution and the b-values of time sequences with the number of time segments n + 1 = {2,3,...11} and w = 100 are shown in Figures 4A,B, separately. For the partitioning with n + 1 = {2,3,...21} and w = 300, the results are shown in Figures 4C,D and for the partitioning with n + 1 = {2,3,...21} and w = 1000, the results are shown in Figures 4E,F. From the aforementioned calculation results, it can be seen that the b-values obtained under different combinations of maximum time segments (n + 1) and various partitioning times w are relatively close, which confirms the stability of the TbDD method. It is worth noting that, from 1.3 days before the January 12 MS5.2 strong aftershock, the b-value dropped significantly, from b = 0.93 to b = 0.63, with a drop as high as △b = 0.30, which is the only time that the b-value of aftershocks dropped significantly over the study period. This phenomenon makes it possible to give an alarm before this strong aftershock.
[image: Figure 4]FIGURE 4 | TbDD method calculation results for the 8 January 2022 Menyuan MS6.9 earthquake sequence. (A,C,E) BIC value distribution under different partition periods. The gray dots denote the calculation results of BIC values, and the pink dots and vertical lines denote the corresponding means and standard deviations of the BIC values, respectively. (B,D,F) Time-sequence changes of b-values calculated by TbDD. The black curves indicate the ensemble medians of b-values, the gray areas indicate the MAD of corresponding b-values, and the gray vertical dotted lines show the time of occurrence of strong aftershocks of the Menyuan MS5.2 aftershock on 12 January 2022.
SATLS FOR DETERMINING THE RISK LEVEL OF STRONG AFTERSHOCKS
To obtain a general threshold standard for the b-value changes of time series of strong aftershock risk alerts, which we used as a reference to conduct the strong aftershock forecasting of the MS6.9 Menyuan earthquake sequence, we studied the b-value changes of time series before strong aftershocks of M≥5.0 based on 86 intraplate earthquake sequences in the China continent whose main shock had a magnitude of MS≥6.0, as screened by Bi et al. (2022).We used the National Unified Official Catalogue produced by the China Earthquake Networks Center (CENC). Since 1 January 1970, the catalog has provided earthquake locations, occurrence times, and local magnitudes, ML, obtained using the same formula (Mignan et al., 2013). Thus the homogeneity of the reported magnitude was ensured for the whole period. Since the National Unified Official Catalogue starts from 1970, earthquakes were selected from the period between 1970/01/01 and the time immediately before each of 86 main shocks, as well as spatial restrictions on the distribution of aftershocks. Then we used the Gardner–Knopoff method (Gardner and Knopoff, 1974) to decluster catalogs to obtain the background seismicity of the corresponding earthquake sequence. Because of the absence of a large number of aftershock events in the early post-earthquake period, which seriously affected the stability of model parameters, only the events from 0.50 days after the main shock to the occurrence of the strongest aftershock were used to ensure the stability and quality of parameter fitting. Additionally, both the number of background events and aftershocks of the selected earthquake sequence amounted to no fewer than 30 results in a total of 34 earthquake sequences. The parameters of 34 main shocks are shown in Table 1, and the spatial distribution of the epicenters of the main shocks is mapped in Figure 5A.
TABLE 1 | Sequence parameters of intraplate earthquakes built for the SATLS in the China continent.
[image: Table 1][image: Figure 5]FIGURE 5 | Distribution characteristics of 34 MS≥6.0 earthquake sequences in the China continent. (A) Distribution of the epicenters of the main shocks. They are classified according to the presence or absence of strong aftershocks of M≥5.0 and the relative size relationship between b-values of background events (bbg) and that of aftershocks (bafter), and indicated by different colors. The brown represents the boundary line of the primary plate, and the gray represents the boundary line of the secondary plate. (B) Statistical distribution of differences between background events bbg and aftershock bafter, △b. (C) Statistical relationship of △b/bbg. In (B,C), light red represents the earthquake sequences having strong aftershocks of M≥5.0, and light green represents the earthquake sequences having no strong aftershocks of M≥5.0.
The parameters of 34 earthquake sequences were fitted using the OK1993 model, and the b-values of both background events (bbg) and aftershocks (bafter) are shown in Table 1. Statistical analyses indicated 13 earthquake sequences with M≥5.0 aftershocks. The average was bbg = 0.87 ± 0.11 and bafter = 0.81 ± 0.19, and bbg>bafter accounted for 84.62% (11/13) and bbg<bafter accounted for 15.38% (2/13); there were 21 earthquake sequences without strong M≥5.0 aftershocks in the fitting period, with average bbg = 0.83 ± 0.13 and bafter = 0.95 ± 0.15, of which bbg>bafter accounted for 19.05% (4/21) and bbg<bafter accounted for 80.95% (17/21). The statistical distribution of the differences in b-values between the background events bbg and the aftershocks bafter, (△b = bafter - bbg), and the ratio △b/bbg are given in Figures 5B,C. The results show that the mean △b value and the median △b value of the sequences having strong aftershocks of M≥5.0 were −0.13 and −0.16, separately, and that the mean and the median of △b/bbg were −0.06 and −0.08, separately. However, the △b of the sequences without strong aftershocks of M≥5.0 had a mean value of 0.27 and a median value of 0.15, and the mean value of △b/bbg was 0.16 and the median value was 0.08.
The aforementioned analysis shows that bafter<bbg for the sequences with M≥5.0 aftershocks and bafter>bbg for the sequences without M≥5.0 aftershocks are statistically significant. If we conduct the risk assessment of M≥5.0 aftershocks according to the aforementioned relationship, it can be seen that when △b>0, two earthquake sequences have M≥5.0 aftershocks, and 17 earthquake sequences have no aftershocks with M≥5.0; when △b<0, eleven earthquake sequences have M≥5.0 aftershocks, and four earthquake sequences have no aftershocks with M≥5.0. Furthermore, when △b>0.1, only one earthquake event had aftershocks of M≥5.0, while when △b<-0.1, all earthquake sequences had aftershocks of M≥5.0. The statistical results are illustrated in Figure 6A. This shows that the possibility of strong aftershocks with M≥5.0 can be reliably determined by defining △b=±0.1. Moreover, from Figure 6A, when △b<0, especially △b<-0.1, the magnitude difference between a main shock and its largest aftershock mainly ranged from 0 to 1.5. While, when △b>0, the magnitude difference ranged from 1.5 to 3.0.
[image: Figure 6]FIGURE 6 | Relationship between magnitude difference and sequence parameters. (A) Relationship between △M and △b (△b = bafter - bbg) (1970.01.01–2020.07.30); (B) relationship between △M and △b/bbg (1970.01.01–2020.07.30); (C) relationship between △M and △b of the sequences after 12 May 2008; (D) relationship between △M and △b/bbg of the sequences after 12 May 2008. The circle represents the earthquake sequence having strong aftershocks with M≥5.0, and the diamond represents the earthquake sequence having no strong aftershocks with M≥5.0 in the fitting period. The red, yellow, and green lines indicate △b = 0.1, △b = 0 and △b = -0.1, respectively. The green area represents △M>1.5 and △b>0, while the red area represents △M<1.5 and △b<0.
The earthquake monitoring capability of the China Earthquake Networks Center was significantly improved after the 2008 MS8.0 Wenchuan earthquake (Huang et al., 2017). To eliminate the influence of the change in earthquake monitoring capability, we excluded the earthquake sequences before the 2008 MS8.0 Wenchuan earthquake and investigated the relationship between △b and the occurrence of strong aftershocks of M≥5.0. The results demonstrate that all earthquake sequences have no strong aftershocks with M≥5.0 when △b>0.1, while when △b<-0.1, all earthquake sequences have strong aftershocks with M≥5.0 (Figure 6C). In addition, we also used △b/bbg for similar analyses, and found the same risk classification effectiveness using △b/bbg = ±0.1 as using △b = ±0.1, as shown in Figures 6B,D.
Based on the aforementioned calculations, we defined △b = 0.1 as the green threshold with low risk of M≥5.0 strong aftershocks, that is, when △b≥0.1, the possibility of M≥5.0 strong aftershocks is low; △b = -0.1 is a high-risk red threshold for strong aftershocks with M≥5.0. When △b is lower than this threshold, that is △b≤-0.1, the possibility of strong aftershocks with M≥5.0 is high; △b = 0 represents a distinct yellow threshold. When -0.1<△b<0.1, we should pay attention to the occurrence of strong M≥5.0 aftershocks. By combination with the TbDD method based on data-driven technology to calculate bbg, bafter, and △b, a strong aftershock traffic light system (SATLS) was constructed to accurately determine the risk of strong M≥5.0 aftershocks in real time, which makes it feasible to make targeted disaster mitigation decisions.
We performed SATLS classification of the occurrence of strong aftershocks with M≥5.0 for the 2022 MS6.9 Menyuan earthquake sequence followed by only two aftershocks of M≥5.0. The MS5.1 aftershock occurred within just a few hours after the main shock, and the poor data availability before this event may result in large uncertainties in the b-values. Therefore, only the January 12 MS5.2 aftershock was discussed here. The data for calculation were obtained from the National Unified Official Catalogue, and the spatial range covered was the same as the distribution of aftershocks. The events from 1970 to the time before the main shock were taken as background events, and those between the main shock and the MS5.2 aftershock were taken as aftershock sequences.
The results showed that bbg = 0.83 and bafter = 0.81, and the corresponding fitting curves of the OK1993 model are shown in Figures 7A,B. Because bafter<bbg, it can be determined that the yellow threshold of SATLS has been reached. The b-values of the time series were calculated by TbDD as shown in Figure 7C. Before the MS5.2 aftershock, the b-value had dropped to about 0.79, that is, △b≈-0.04, according to which a yellow alert for the possibility of a strong aftershock with M≥5 would be declared.
[image: Figure 7]FIGURE 7 | Characteristics of the b-value evolution for the 8 January 2022 Menyuan MS6.9 earthquake sequence and SATLS settings. (A,B) Magnitude–frequency distribution (FMD) and the fitting results of the OK1993 model. They correspond to the background earthquake sequence (1970.01.01∼2022.01.08) and aftershock sequence (2022.01.08∼2022.01.12), respectively. The diamonds denote the FMD of the events. The solid curve indicates the fitting results of the OK1993 model, and the actual parameters are marked in each subgraph in the order of β, μ, and σ. (C) b-value of time series obtained using the events immediately before the strong aftershock (2022.01.08∼2022.01.12). (D) b-value of time series calculated using the events between the main shock and the time after the strong aftershock (2022.01.08∼2022.01.13). The yellow dotted line indicates background value bbg (yellow threshold), the red dotted line denotes the red threshold (0.1 lower than the background value), the green dotted line represents the green threshold (0.1 higher than the background value), and the magnitude–time distribution (M-t) of the earthquake sequence is displayed.
We further investigated the b-values of the time-series between the main shock and the time after the MS5.2 aftershock as shown in Figure 7D. The results indicated that before the MS5.2 strong aftershock, the b-value decreased to about 0.63, △b≈-0.2, the magnitude of which is larger than that of △b≈-0.04, as obtained using events between the main shock and the MS5.2 aftershock. After the MS5.2 strong aftershock, the stress around the focal area changed and the b-value continued to decrease. Yang et al. (2022) obtained the background b-value of 0.84 using the maximum-likelihood method and the whole aftershock b-value of 0.67 using the least-squares method for the Menyuan earthquake, and our results were similar to theirs. The h-value is a constant in the revised Omori’s law which describes the number of aftershocks after the main shock. It can be used to determine whether there might be future events with larger magnitudes during an ongoing sequence (Liu et al., 1979). If h≫1, it indicates that the largest magnitude earthquake already occurred as the main shock. If h≪1, then it was considered a foreshock sequence. The 2022 Menyuan sequence showed that the overall h-value was significantly larger than 1. (Yang et al., 2022).
DISCUSSION
The SATLS proposed in this paper is, in a more general sense, an extension of the FTLS which determined whether an event was a main shock or a foreshock to an even stronger event yet to come. However, there are several limitations to the SATLS. First, the threshold settings of the SATLS are only based on a limited number of earthquake cases, and it is only suitable for the intraplate earthquake sequences of the M≥6.0 main shock in the China continent followed by M≥5.0 aftershocks. Moreover, there is a lack of systematic and comprehensive understanding of the relative relationship between the values of bafter and bbg in different tectonic regions, which limits the general applicability of the SATLS. In addition, some researchers argue that the spatial distribution of b-values is highly variable. For example, the ductile shear zone has a higher b-value than the brittle-ductile shear zone (Villiger et al., 2020). Also, it is easy for a high b-value to be produced in rocks with low Young’s modulus (Zorn et al., 2019) or high organic content, which causes difficulties in the application of SATLS for earthquake sequences with large-scale spatial distribution in aftershock zones, and it may be necessary to develop a set of two-dimensional time-space △b risk classification thresholds. There are also some shortfalls in this research. Thirty-four events may not be enough to derive exact thresholds. With respect to the whole b-value calculated by the OK1993 model, the uncertainty and the confidence interval of the whole b-value has not been resolved, which needs to be addressed in subsequent research.
During revision of this paper, there occurred in China on 5 September 2022, the MS6.8 Luding earthquake with an MS5.0 aftershock, which provided a new opportunity to verify the effectiveness of the SATLS. Therefore, along with the Menyuan earthquake, we also applied SATLS to the MS6.8 2022 Luding earthquake sequence. We obtained bbg = 0.9672 from the OK1993 model and b-values of time series by TbDD. The results showed that three days before the MS5.0 earthquake, the b-value started to decrease. As of 13:17 on October 23 when the MS5.0 aftershock occurred, the b-value had decreased to about 0.86, for a △b ≈ -0.1, which suggests that a red alert could have been declared for a strong aftershock of M≥5.0. To some extent, this event demonstrates the effectiveness of SATLS.
Although the N-test results showed that the Omi-R-J model failed in forecasting the strong MS5.2 aftershock, the failure reason could not rule out the possibility that the Omi-R-J method is based on the Omori–Utsu formula with a relatively simple aftershock attenuation law, and it only demonstrates obvious forecasting effectiveness for aftershock sequences with underdeveloped secondary aftershocks. For more complex earthquake sequences, the analysis may need to be combined with the ETAS model. In fact, CSEP also focuses on the predictability of some huge earthquake cases (Schorlemmer et al., 2018). For example, after the 2011 M9.0 earthquake in East Japan, Nanjo et al. (2012) and Ogata et al. (2013) systematically tested the forecasting effectiveness of various versions of the ETAS model and confirmed that it showed good forecasting performance on complex aftershock sequences. In the future, a combination of the semi-quantitative and semi-qualitative SATLS and the quantitative statistical probability forecasting models is still a realistic and feasible choice.
CONCLUSION
It is difficult to accurately forecast a disaster-causing aftershock using only traditional statistical forecasting models. We first used the TbDD method based on data-driven technology to obtain reliable b-values of time series. Second, based on the empirical relationship, △b = bafter - bbg, from 34 M≥6.0 intraplate earthquake sequences in the China continent and their strongest aftershocks of M≥5.0, a strong aftershock traffic light system (SATLS) was constructed. Taking the 8 January 2022 MS6.9 Menyuan earthquake in Qinghai Province as an example, a yellow alert attempt was made by using SATLS for the MS5.2 strong aftershocks that occurred several days after the main shock. The main results are summarized as follows:
1) The Omi-R-J model for aftershock probability forecasting was employed to conduct 83 consecutive sliding forecasts of strong aftershocks of the MS6.9 Menyuan earthquake sequence, and the forecasting performance was assessed by the N-test method. The results showed that the earthquake occurrence rates forecast by the Omi-R-J model before the largest aftershock (MS5.2) were too low; however, the model can accurately forecast aftershock rates for each magnitude interval in most time-periods, which makes it difficult to accurately forecast this strong aftershock.
2) The data from our research on the 34 M≥6.0 intraplate earthquake sequences in the China continent showed that △b = bafter - bbg =±0.1 can act as a discriminator to determine whether strong aftershocks of magnitude 5.0 or higher will occur. If the difference (△b = bafter - bbg) exceeded +0.1 (△b = 0.1) or was -0.1 (△b = -0.1), we assigned a traffic light color of green or red, respectively, otherwise yellow. We can further infer the possible magnitude of an aftershock based on the relationship between △M and △b.
3) The b-value calculation of the MS6.9 Menyuan earthquake sequence using TbDD showed that, for different time partitioning schemes, random partitioning times, and other technical rules, the perturbation of determined time series b-values was negligible. The b-value obtained using the events between the main shock and the MS5.2 event decreased 0.04 (△b ≈ -0.04) from 1.3 days before the MS5.2 strong aftershock, while the b-value calculated using the events between the main shock and the time after the MS5.2 earthquake decreased 0.2 and gradually recovered after this strong aftershock. From the time-series of b-values of the 2022 MS6.9 Menyuan earthquake sequence, before the MS5.2 event, only a yellow alert could be declared, which shows a gap from the expected determined red alert. One reason may be that it is questionable if the seismicity before an M≥5.0 strong aftershock could reveal the stress status of that moment. The fact that a strong aftershock of M≥5.0 abruptly changes the stress status in the focal area may be another factor. To improve the accuracy of forecast making, a deeper understanding of the true b-value and the detailed description of the stress evolution state in the source area is needed.(Gutenberg and Richter, 1944; Nandan et al., 2017; Si and Jiang, 2019; Jiang et al., 2021).
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