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Predictability Limit of Monsoon Intraseasonal Precipitation: An Implication of Central Indian Ocean Mode
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The prediction of monsoonal precipitation during Indian summer monsoon (ISM) remains difficult. Due to the high correlation between the Central Indian Ocean (CIO) mode index and the ISM precipitation variability, the predictability limit of the CIO mode index is investigated by the non-linear local Lyapunov exponent (NLLE) method in observations. Results show that the predictability limit of the CIO mode index can reach 38 days during boreal summer (from June to September), which is close to the upper predictability limit of intraseasonal precipitation (up to 40 days), and higher than the predictability limits of dynamical monsoon indices (under 3 weeks) and boreal summer intraseasonal oscillation (BSISO) indices (around 30 days). Such high predictability limit of the CIO mode index is mainly attributable to the long predictability limits from the intraseasonal sea surface temperature (SST) and intraseasonal zonal wind, which are the components of the CIO mode. As a result, the CIO mode is expected to extend the predictability of monsoonal precipitation, and benefits to improve the prediction skills of the ISM.
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PLAIN LANGUAGE SUMMARY

Indian summer monsoon rainfall is an important cause of droughts and floods in the East Africa, South Asia and the surrounding of the Indian Ocean during boreal summer. The monsoonal precipitation is mainly characteristic by intraseasonal variability with a period of 20–100 days. Previous dynamical and statistical forecasts have shown that the forecast of intraseasonal precipitation is around 3 weeks. After that, it is hard to accurately predict the intraseasonal component of monsoonal precipitation. However, our result found that the predictability limit of the Central Indian Ocean (CIO) mode index can reach 38 days, which is much close to the upper predictability limit of intraseasonal precipitation (∼40 days). The CIO mode captures the interaction between atmosphere and ocean, and its index has a high correlation with monsoonal precipitation. Therefore, we call for the usage of the CIO mode index in the improvement of rainfall prediction during Indian summer monsoon.



INTRODUCTION

Precipitation during Indian summer monsoon (ISM) is the lifeline of billions of people living on the rim of the Indian Ocean. One of its major components is the intraseasonal variability, which is commonly known as the monsoon intraseasonal oscillation (MISO; Goswami, 2005; Shukla, 2014). MISO can account for above 60% of total precipitation variance over the Bay of Bengal (BoB, Goswami, 2005; Waliser, 2006) during the ISM. Therefore, a better prediction of monsoonal precipitation requires a better prediction on the intraseasonal rainfall anomalies.

The prediction skill of the ISM precipitation has been extensively studied, although the prediction remains challenging in contemporary climate models (e.g., Wang et al., 2004; Sabeerali et al., 2013). Overall, the forecast of monsoonal precipitation is constrained to about 3 weeks. Usually, forecast is categorized as dynamical forecast and statistical forecast. For the dynamical forecast, the prediction skill for total rainfall ranges from 2 to 3 weeks among different models (e.g., Fu et al., 2007; Abhilash et al., 2014; Jie et al., 2017). The prediction skill for intraseasonal rainfall during ISM is a little higher, which is up to 3 weeks (e.g., Goswami and Xavier, 2003; Fu et al., 2013).

A temporal index is usually employed for the statistical forecast. A plenty of monsoon indices were proposed as measures of the ISM precipitation, such as the Webster–Yang index (WYI, Webster and Yang, 1992), the South Asian Monsoon index (SAMI, Goswami et al., 1999), the South-East Asian Monsoon index (SEAMI, Wang and Fan, 1999), and the Indian summer monsoon index (ISMI, Wang et al., 2001). All of them are good indicators of Asian summer monsoon and have been widely used in the prediction and forecast studies of the ISM precipitation from seasonal to interannual timescales. These indices using high-frequency data (such as daily data) are also applied for the forecast on intraseasonal variabilities (e.g., Chattopadhyay et al., 2008). All monsoon indices have the similar intraseasonal variabilities as those of monsoonal precipitation (Sahai and Chattopadhyay, 2006). Besides the indices for whole monsoon, several indices were generated specifically for MISO. They are developed to represent the spatial structures and temporal variabilities of convection associated with boreal summer intraseasonal oscillation (BSISO) over the tropical Indian Ocean. Using outgoing longwave radiation (OLR), a bimodal intraseasonal oscillation (ISO) index and OLR MJO index (OMI) were developed by Kikuchi et al. (2012) and Kiladis et al. (2014), respectively. Besides, Lee et al. (2013) suggested two real-time indices (i.e., BSISO1 and BSISO2) using daily anomalies of OLR and zonal winds at 850 hPa (referred to as U850 hereafter). Recently, Zhou et al. (2017a) proposed a Central Indian Ocean (CIO) mode, obtained by the first combined Empirical Orthogonal Function (C-EOF) mode of intraseasonal sea surface temperature (SST) and U850 over the tropical Indian Ocean. The corresponding principal component (PC), which is referred to as the CIO mode index, has a high simultaneous correlation with monsoonal rainfall variability during ISM (Zhou et al., 2017a; Qin et al., 2020, 2021; Meng et al., 2021). Such close relationship between the CIO mode and the ISM rainfall was also confirmed in state-of-the-art models, including the Community Earth System Model (CESM; Zhou et al., 2018) and the Subseasonal-to-Seasonal (S2S) models (Qin et al., 2020). Moreover, the CIO mode shows a non-significant linear correlation with El Niño–Southern Oscillation (ENSO), Indian Ocean Dipole (IOD) (Zhou et al., 2017b), or Madden-Julian Oscillation (MJO) (Li et al., 2020). Thus, the CIO mode is expected to be beneficial for improving the prediction of MISO and the ISM precipitation as an independent predictand.

According to Ding and Li (2007), the non-linear local Lyapunov exponent (NLLE) method provides a new approach to quantify the predictability limit of various variables in observations. Since the non-linear behavior of error growth is well considered in the NLLE method, it is proved that the predictability calculated with observations is close to the upper limit of predictability (Ding and Li, 2007, Ding et al., 2008, 2010; Li et al., 2018). Using this method, Ding et al. (2010, 2011) reported that the predictability limits of MJO and MISO are close to 5 weeks. Given the close relationship of the CIO mode with MISO and the ISM precipitation, we are motivated to check the predictability limit of the CIO mode in observations. In this study, the NLLE method is used to calculate the predictability limits of the CIO mode index and various other monsoon indices, compared with the predictability limit of ISM precipitation. The remainder of this paper is organized as follows. The data and method are described in section “Data and Methods.” In section “Results,” the predictability limits of difference ISM/BSISO indices (including the CIO mode index) are calculated and possible mechanisms are explored. Finally, section “Summary and Discussion” presents conclusions and discussion.



DATA AND METHODS


Data

The atmospheric and oceanic variables, including the wind velocities, outgoing longwave radiation, and SSTs, are obtained from the European Center for Medium-Range Weather Forecast (ECMWF) ERA5 reanalysis dataset (Hersbach et al., 2019) with a resolution of 0.25° latitude × 0.25° longitude. To verify the robustness, the daily atmospheric variables from the US National Centers for Environmental Prediction (NCEP, Kalnay et al., 1996) and the SST data from the National Oceanic and Atmospheric Administration (NOAA) Optimum Interpolated SST (OISST, Reynolds et al., 2007) are also used. Rainfall data are obtained from the Tropical Rainfall Measuring Mission (TRMM 3B42 product, Huffman et al., 2007), which are available since 1998.

The monsoon and BSISO indices used in this study are listed in Table 1. All of them are calculated with the ERA5 products, except the bimodal ISO index and the OMI, which are downloaded from http://apdrc.soest.hawaii.edu/datadoc/bimodal_ISO_index.php and https://psl.noaa.gov/mjo/mjoindex/, respectively.


TABLE 1. List of the CIO mode index, monsoon indices and BSISO indices used in this study.
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Method

Following Ding and Li (2007), the NLLE method is used to examine the predictability limit of all indices and variables in a time series. The NLLE (λ) is defined as
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where x0 denotes the initial state in the phase space, τ is a time interval, δ0 is the initial error, and δ1 is the error after τ (see Ding and Li, 2007; Ding et al., 2008, 2011 for more details about the NLLE method). NLLE is employed to quantitatively estimate the predictability limit by investigating the evolution of the distance between initially local dynamical analogs from the observed time series (see Supplementary Material for more details of the NLLE algorithm). NLLE is more suitable for determining the predictability in chaotic system (which the atmosphere and the ocean presumably are) than traditional Lyapunov exponents (Rogberg et al., 2010; Li and Ding, 2011).

The study period is from 1998 to 2014. We checked that the qualitatively same results can be obtained with data for a longer period from 1998 to 2020 (not shown). All intraseasonal oscillations are obtained with a 20–100-day band-pass Butterworth filter. The Student’s t-test is used for the statistical significant difference between the population means.




RESULTS

The standard deviation of intraseasonal precipitation during boreal summer (June-September) is pronounced over the BoB (Figure 1A), where the climatological mean precipitation is also large. A daily precipitation index is thereby defined as the mean intraseasonal precipitation within 85–100°E and 10–24°N (green box in Figure 1A) and it is used as a measurement of monsoonal precipitation variability during ISM. The mean error growth of the precipitation index during boreal summer is shown with a red line in Figure 1B, using the NLLE method. The x-axis in Figure 1B is the time interval τ in Eq. 1. The y-axis represents the mean error of lnΦ=λ⋅τ, i.e., the product of the NLLE and the time interval. According to Ding and Li (2007), ln⁡Φ increases nearly monotonically with the increase of τ. When τ is large enough, ln⁡Φ increases slowly and reaches a saturation level asymptotically (Ding and Li, 2007), at which point almost all information on initial states is lost and the prediction becomes inaccurate. Therefore, the predictability limit is defined as the lead time when the error reaches its saturation level. Practically, the τ, when the error reaches 98% of its saturation value, is specified as the predictability limit of the time series, so that the uncertainty due to the slow increase of ln⁡Φ can be largely reduced (Li and Ding, 2011). In this study, the saturation value for ln⁡Φ is calculated with the mean ln⁡Φ between τ = 60 days and τ = 80 days. The error growth curve of the intraseasonal precipitation index (green box in Figure 1A) is shown with the red line in Figure 1B. The saturation value is 3.51 (black dashed line in Figure 1B) when τ = 40 days (green line in Figure 1B). Hence, the predictability limit of monsoonal precipitation during ISM is 40 days (listed in Table 2), and this is the reference for the following analyses. In addition, it has been checked that the predictability limit of monsoonal precipitation is similar over the Indian continent (not shown), which indicates the robustness of the result.
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FIGURE 1. (A) The standard deviation of intraseasonal precipitation (mm/day) during boreal summer (June–September). (B) Mean error growth (red line) of the regional mean daily intraseasonal precipitation during boreal summer over 85–100°E and 10–24°N (green box in A) calculated by the NLLE method. The black dashed line marks the 98% level of the saturation value. The green line marks the predictability limit of 40 days.



TABLE 2. The predictability limits of the indices (listed in Table 1) during boreal summer (June–September).

[image: Table 2]
By analogy, the predictability limits (ln⁡Φ) of various dynamical monsoon and MISO indices (listed in Table 1) during boreal summer are examined with the NLLE method (Figure 2). When τ = 20 days, the mean error growth curves of the WYI (Figure 2A) and SAMI (Figure 2B) reach 98% of the saturation values (3.82 and 3.92, respectively). The predictability limits for the SEAMI (Figure 2C) and ISMI (Figure 2D) are about 17 days (listed in Table 2), and their 98% saturation levels are 3.70 and 3.67 (black dashed lines), respectively. All above monsoon indices have a predictability limit below 3 weeks, which is much lower than that of the precipitation index (∼40 days in Figure 1B). Hence, it is hard to fully materialize the predictability of monsoonal precipitation using the monsoon indices after four pentads. Using the NLLE method, the predictability limits of different BSISO indices (listed in Table 1) are also investigated (Figure 3). The 98% of the saturation values (black dashed lines in Figure 3) are 3.49, 3.38, 3.99, and 4.02 for BSISO1, BSISO2, the bimodal ISO index and OMI, respectively. The corresponding predictability limits are 28, 27, 29, and 31 days (listed in Table 2). Overall, the predictability limits of BSISO indices are around 30 days. Such a result is consistent with Ding et al. (2011), who applied the NLLE method and examined OLR, U850, and velocity potential at 200 hPa separately from May to September. Their results showed that the BSISO predictability limit was between 29 and 32 days. Comparing with the monsoon indices obtained with daily winds, all BSISO indices have longer predictability limits, although they are still shorter than the predictability limit of intraseasonal monsoonal precipitation (∼40 days in Figure 1B). Since the components are easier to forecast after removing the noises by filtering, one may envisage that the use of temporal filtering artificially prolongs the forecast skill. However, the influence of the filtered background noise is about 7 days (Seo et al., 2009; Ding et al., 2010), which is much lower than the predictability limit of intraseasonal oscillations. Thus, we can surmise that the estimated predictability of the intraseasonal variables is from the real signal of the physical process rather than the band-pass filtering.
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FIGURE 2. (A–D) Mean error growth (red line) of monsoon indices listed in Table 1. The black dashed line in each panel represents the 98% level of the saturation value. All results are based on the ERA5 reanalysis.
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FIGURE 3. Same as Figure 2, but for (A) BSISO1 index, (B) BSISO2 index, (C) bimodal ISO index, and (D) OMI.


Previous studies have proven that the CIO mode is closely related to the ISM precipitation variability during boreal summer (Zhou et al., 2017a,2018). The CIO mode is obtained by the first C-EOF mode between intraseasonal SST anomalies and intraseasonal U850 anomalies. The CIO mode is robust and not sensitive to different reanalysis products, as shown with different data in Figures 4A,B. The positive phase of the CIO mode captures warm intraseasonal SST anomalies in the tropical Indian Ocean and an anti-cyclonic gyre in the lower troposphere over the Indian monsoon region. Such spatial structure is mainly attributable to less cloud due to an anticyclone, which allows more solar radiation onto the sea surface (Zhou et al., 2017a). The principal component of the first C-EOF mode is used as the CIO mode index (Figure 4C). The correlation coefficient of the two CIO mode indices is 0.98, which is significant at a 99% confidence level. Additionally, they have a high correlation with intraseasonal precipitation index during boreal summer (higher than 0.8). Figure 5 shows the correlation coefficients between the CIO mode index and the intraseasonal precipitation during boreal summer (from June to September). They are higher than 0.6 over the BoB (significant at the 99% confidence level), which implies a better prediction of ISM precipitation via the CIO mode index. The corresponding mean error growth curves (ln⁡Φ) of the CIO mode indices, which are obtained with different data, are shown in Figure 6. For the red line in Figures 6A,B, the saturation value is 3.62 (3.65). In both cases, the predictability limits of the CIO mode index are consistently around 38 days (listed in Table 2), which is closer to the predictability limit of monsoonal precipitation during ISM than other monsoon and BSISO indices.
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FIGURE 4. The positive phase of the CIO mode calculated with (A) NCEP and OISST and (B) ERA5 during the period of 1998–2014. The reddish is for the positive SST anomaly and the bluish is for the negative SST mode anomaly (°C). Solid contours are for positive zonal winds (westerly winds; m/s) and the dashed contours are for negative zonal winds (easterly winds). (C) The CIO mode indices associated with (A) (black line) and (B) (red line).
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FIGURE 5. Correlation coefficients between intraseasonal precipitation anomalies and the CIO mode index obtained with (A) NCEP and OISST and (B) ERA5 during boreal summer (June–September).
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FIGURE 6. Mean error growth (red line) of the CIO mode index during boreal summer obtained with (A) NCEP and OISST and (B) ERA5. The black dashed line represents the 98% level of the saturation value.


To explore the reasons for the long predictability limit of the CIO mode index, the spatial distribution of the predictability limits of all key variables are calculated, including intraseasonal SST anomalies (Figure 7A), U850 anomalies (Figure 7B), and OLR anomalies (Figure 7C). For each grid point in Figures 7A–C, the NLLE method is applied to the time series at this grid point, and the predictability limit is determined following the same procedure as above. The right column in Figure 7 shows the ratio between the intraseasonal variance of each variable and its total variance. The specialty of the CIO mode, compared with all other indices, resides in the adoption of intraseasonal SST anomalies in technics. The predictability limit of intraseasonal SSTs is longer than 40 days over the tropical Indian Ocean (0–10°N, 60–95°E) and the western part of BoB (Figure 7A), where the intraseasonal SST anomalies are also large during the positive phase of CIO mode (contours in Figure 7D). The regions with long SST predictability limits also have significant intraseasonal SST variabilities, which is very likely to favor the high predictability of the CIO mode index. The other variable for the CIO mode is intraseasonal U850. The predictability limits of intraseasonal U850 are longer than 40 days from 15°N to the equator in the Northern Hemisphere and from 10°S to the equator in the Southern Hemisphere (Figure 7B), which are consistent with the two branches in the anticyclone of U850 in the CIO mode (contours in Figure 7E). Moreover, the intraseasonal U850 is also pronounced in these two regions (Figure 7E; Zhou et al., 2017b; Qin et al., 2020, 2021), so that large U850 variation contributes to high predictability of U850 which should be consequently favorable for high predictability of the CIO mode index. Furthermore, the CIO mode captures the coherent variabilities between the ocean and the atmosphere at the intraseasonal timescales. Figure 8A shows the first EOF mode of intraseasonal SST anomalies alone (without a combination with intraseasonal U850 anomalies). The spatial pattern is a west-east dipole structure, and its time series do not have a significant relation with monsoonal precipitation (Figure 8B). However, it is not the IOD, since the EOF is conducted with the intraseasonal variabilities. The central tropical Indian Ocean is the node of the SST-alone mode, where the variation is small. The different spatial patterns between the CIO mode and the SST-alone mode are attributable to the ocean-atmosphere interactions, since the former seeks the maximum co-variance between the intraseasonal SST anomalies and intraseasonal U850 anomalies. Therefore, the match between the long predictability limit of SST in the central tropical Indian Ocean (Figure 7A) and the CIO mode (Figure 7D) sheds light on the importance of the ocean-atmosphere interaction, which is well captured by the CIO mode, for improving the intraseasonal monsoonal rainfall. Moreover, it is pointed out by Ding et al. (2010) that the initial conditions may play an important role in determining the rapid initial error growth, but subsequently the error growth may be more strongly influenced by the slowly varying boundary conditions, such as the SSTs. In contrast, other MISO indices adopt OLR alone (such as Bimodal ISO index and OMI) or a combination between U850 and OLR (such as BSISO1 and BSISO2). The OLR has maximum predictability limits along the Somali coast and the western tropical Indian Ocean. However, these regions are not the key regions for convection during the ISM. Therefore, pronounced OLR anomalies in the monsoon region, particularly over the BoB, contribute little to prolong the predictability of the MISO indices which are built on the OLR alone. BSISO1 and BSISO2 are likely to be subject to the low predictability of OLR anomalies in the monsoon region (particularly over the BoB), since OLR is one component in these two indices. Moreover, as shown in Figures 2, 3 in Lee et al. (2013), the OLR anomalies in the first four EOF modes are weak along the Somali coast, so that the high predictability of OLR in that region cannot be utilized. In addition, for BSISO1, the U850 anomalies of the second EOF mode are small from 10°S to the equator (Figure 2 in Lee et al., 2013). As a result, BSISO1 cannot take advantage of the long predictability of U850 in the Southern Hemisphere (Figure 7B). Similarly, for BSISO2, the U850 anomalies from 10°S to the equator are small (Figure 3 in Lee et al., 2013), and the high predictability of U850 cannot be fully taken advantage of, either.
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FIGURE 7. (A) Spatial distribution of the predictability limits of intraseasonal SST during boreal summer from 1998 to 2014. (B,C) Are the same as (A), but for intraseasonal U850 and intraseasonal OLR. (D) Ratio between the intraseasonal variance and the total variance of SST during boreal summer from 1998 to 2014. The superimposed contours are the SST mode of the positive CIO mode (same as the color shades in Figure 4B). (E,F) Are the same as (D), but for U850 and OLR. The contours in (E) are the U850 mode of the positive CIO mode (same as the contours in Figure 4B). All the results are based on the ERA5 reanalysis.
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FIGURE 8. (A) The spatial structure of the first EOF mode using SST (°C) calculated with ERA5 reanalysis during the period of 1998–2014. (B) Correlation coefficients between intraseasonal precipitation anomalies and the PC1 during boreal summer (June–September).




SUMMARY AND DISCUSSION

Given the close relationship between the CIO mode and the ISM precipitation variability, the predictability limit of the CIO mode index is examined using the NLLE method, which provides a quantitative estimate on the atmospheric and oceanic predictability. It shows that the predictability limit of the CIO mode index can reach 38 days during boreal summer (June–September), which is not sensitive to different reanalysis products. The predictability limit of the CIO mode index is higher than that of well-known monsoon indices and BSISO indices based on the NLLE method. It is also found that the intraseasonal SST and U850 have a large variance in the ISM region with the predictability limits over 40 and 45 days, respectively, which are higher than that of intraseasonal OLR. As a result, the CIO mode index shows a longer predictability limit, which is expected to improve the practical prediction skill of monsoon precipitation during the ISM.

Based on the improvements in the simulation of climate models, the prediction skill of monsoons has significantly improved in recent decades (Liu et al., 2013). However, it is confirmed by model studies, such as in the NCEP Climate Forecast System version 2 (CFSv2, Liu et al., 2013) and the S2S database (Jie et al., 2017), that the high skills of monsoon indices are only about 2 weeks. Some studies discovered the important effects of air-sea interactions in improving the prediction skill of monsoon in models (e.g., Yoo et al., 2006; Fu et al., 2007, 2008; Goswami et al., 2014; Chowdary et al., 2016). As shown with the CIO mode, a better reproduction of coordinated variation between the atmosphere and the ocean can help to extend monsoonal precipitation forecast and predict the ISM more accurately.

Although the number of studies on intraseasonal to seasonal variabilities including the prediction of the monsoon onset and retreat has increased in recent years (e.g., Fu et al., 2007; Liu et al., 2013; Zhou and Murtugudde, 2014; Jie et al., 2017; Zhou et al., 2019), the prediction of the amplitude and frequency of monsoon rainfall remains difficult. Since the CIO mode index has a high linear correlation with the monsoon precipitation, it provides a new avenue to capture the amplitude and frequency of the ISM. Besides, it is worth to discover the linkage between the CIO mode and the onset/withdraw dates of ISM. Moreover, previous studies also revealed that the CIO mode represents the mechanistic link between the thermodynamic and dynamic fields during the ISM not only in observations but also in current models (Zhou et al., 2017a,2018; Li et al., 2020; Qin et al., 2020, 2021). However, unfortunately, the simulation of the CIO mode is still a challenge in state-of-the-art models. The biases in the CIO mode simulation are mainly attributable to the weak meridional gradient of low-level background zonal winds, which reduces the barotropic kinetic energy conversion from the background state to intraseasonal variabilities. In addition, the force and response relation between the atmosphere and the ocean associated with the CIO mode is even opposite in CESM (Zhou et al., 2018). Further improvements in convection parameterization schemes by numerical experiments may help us to better understand the important roles of the air-sea interactions and barotropic instability for the CIO mode generation, which will in turn be helpful for the betterment of MISO and the ISM precipitation forecast.
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