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Skilful monsoon onset forecasts are highly sought after in West Africa, due to the importance of monsoon onset for supporting agriculture, disease prevalence and energy provision. With the sub-seasonal timescale bridging the gap between weather and seasonal forecasts, sub-seasonal forecasts have the potential to provide useful decision-making information about the onset of the monsoon rainfall. This study explores sub-seasonal monsoon onset forecasts over Ghana using the European Centre for Medium Range Weather Forecasting (ECMWF) operational ensemble prediction systems. Three commonly used methods for defining monsoon onset are compared, and the benefits, challenges, and potential of real-time, sub-seasonal onset forecasting using these methods are examined. Monsoon onset forecasting at sub-seasonal timescales, and associated decision-making with shorter-term information can be challenging due to the typically single occurrence of rainfall onset within a season. Sub-seasonal forecasts of monsoon onset are shown to be particularly useful for confirming onset occurrence, at least 1–2 weeks earlier than when observations are used. Earlier confirmation of monsoon onset provided by sub-seasonal forecasts, has the potential for earlier decision-making and action that would positively impact sectors such as agriculture.
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1 Introduction

The onset of the annual wet season is of key importance to agriculturalists in sub-Saharan Africa, as it marks the start of the agricultural growing season; a key event in the social and agricultural calendar. A range of important agricultural decisions are made based upon the timing of the onset, including when to prepare the fields, and when and which seeds to plant. Preparing and planting too early, before consistent, reliable rainfall has arrived can mean seedlings die, and extra expenditure for additional seeds, while planting too late may mean crops fail to reach maturity before season cessation and yields are reduced. Thus, information and forecasts detailing the timing of wet season onset is of key importance to farmers both in sub-Saharan Africa, and across the tropics, and skilful onset forecasts are highly sought after. In addition to agriculture, forecasts of the timing and duration of wet season onset can provide vital information for decision-making within many sectors, including disease prevention and energy planning (Owusu et al., 2015; Laux et al., 2008; Acharya and Bennett, 2021).

A range of studies have explored the prediction skill of onset in seasonal forecasts across Africa and the wider tropics. MacLeod (2018) and Scheuerer et al. (2024) used seasonal simulations to produce onset forecasts for the East African wet seasons; generally it was found that skill was better for the short rains (October to December), compared to the long rains (March to May). MacLeod (2018) also explored the value of adding sub-seasonal forecasts for the first 46 days of the forecast period; this was found to bring a small improvement. Zampieri et al. (2023) also used seasonal forecasts, but analysed the prediction skill of onset forecasts across Africa; they found positive skill in South Africa and Eastern Africa, but less skill over West Africa. Chevuturi et al. (2021) used European Centre for Medium Range Weather Forecasting (ECMWF) seasonal forecasts to produce monsoon onset forecasts for India; they found the model exhibited good skill in forecasting monsoon onset 1 month in advance. Vellinga et al. (2013) used the UK Met Office seasonal forecast model to produce rainfall onset forecasts over West Africa, and found modest skill at 2–3 months lead time. While these studies show that seasonal onset forecasts are possible, they mostly offer a broad indication of the likelihood of an early or late onset.

Sub-seasonal timescales bridge the gap between short-range and seasonal weather forecasts, and may provide useful information in the period preceding monsoon onset. Thus sub-seasonal forecasts offer an exciting opportunity to provide decision relevant onset forecasts to users across the tropics, including in West Africa. Bombardi et al. (2017) used a hybrid methodology, combining observations with sub-seasonal forecasts, to produce onset forecasts for across the tropics; they found that the models outperform the climatology in predicting rainy season onset across West Africa, and for two models [National Centers for Environmental Prediction (NCEP) and China Meteorological Administration (CMA) models] the onset forecasts exhibit good skill more than 3 weeks in advance for the region. Conversely, they found limited skill over East Africa; this may be because the region they have used for East Africa is different to the region used in other studies. Olaniyan et al. (2019) also used sub-seasonal forecasts to produce onset forecasts over Nigeria; they found poor performance, with the ECMWF model performing best (compared to the CMA and UKMO model). While Bombardi et al. (2017) and Olaniyan et al. (2019) explored the skill of onset forecasts from sub-seasonal forecast products, the operational application, including how sub-seasonal onset forecasts can provide decision-relevant information, was not considered.

In this paper we present an approach for the creation of onset forecasts using sub-seasonal rainfall forecasts in real-time, and detail how new developments in sub-seasonal rainfall prediction can assist with the decision-making processes associated with the onset of monsoon rains. We will analyse different methods of defining monsoon onset, and will examine the benefits and challenges of subseasonal-to-seasonal onset forecasting using each method. Methodologies similar to those used by Bombardi et al. (2017) and Olaniyan et al. (2019) for determining monsoon onset are used, alongside other locally-defined methodologies. In contrast to other studies, we specifically explore the real-time operational application of the methodologies for determining onset. With the introduction of the World Meteorological Organisation Sub-seasonal to Seasonal (S2S). Real-time pilot project, this study was granted the opportunity to explore the application of sub-seasonal forecasts for use in decision-making in real-time. Applying traditionally seasonally monitored metrics such as onset on shorter timescales provided unique challenges and this study is able to demonstrate these challenges as well as the potential benefit that the application of sub-seasonal real-time forecasts can provide within the decision-making process.

In this study, we chose to focus on Ghana, in West Africa. Agriculture in Ghana is of high societal importance, with around 40% of the employees in Ghana working in the agricultural sector, and agriculture making up around 20% of Ghana’s GDP, in 2021 (Statista, 2024a, 2024b). Much of this agriculture is rain-fed, and dependent upon the annual wet season. Ghana experiences an annual dry season, from November to February, followed by an annual wet season, from March to October (Figure 1), associated with the northern movement of the tropical rainband during the boreal summer. In the northern parts of the country the wet season is shorter (starting later and ending earlier), while in the southernmost parts of the country the main March–October wet season is split into two seasons, with the “Little Dry Season” in July–August (Dunning et al., 2016). Thus onset forecasts are important for agriculturalists across all of Ghana. In particular, this study focuses on the coastal Savannah region around the capital city Accra, as the majority of the population are located in the southern part of the country.
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FIGURE 1
 Map of average annual rainfall (mm) over West Africa. The inset shows the mean monthly annual cycle of rainfall for Accra (black dot), located in the Greater Accra region, which is mostly coastal Savannah.


This work was completed as part of the Global Challenges Research Fund (GCRF) African Science for Weather Information and Forecasting Techniques (SWIFT) sub-seasonal forecasting testbed (Hirons et al., 2021, 2023); a two-year forum where prototype S2S forecast products were co-produced and operationally trialled in real time. Working with Ghana Meteorological Agency (GMet) and the Ministry of Food and Agriculture (MoFA) in Ghana, S2S forecast products were co-developed and distributed to local farmers via agricultural extension workers. Through this process the importance of onset forecasting was continuously highlighted by stakeholders, resulting in this work exploring the operational use of S2S forecasts for forecasting onset (Hirons et al., 2023).

Through the GCRF African SWIFT forecasting testbed S2S forecast products were being co-produced with in-country national meteorological agencies and agricultural bodies to inform agricultural decision-making. Within the iterative dialogue between agricultural stakeholders, operational forecast producers and researchers it was abundantly clear that reliable and actionable forecasts of rainy season onset would be hugely beneficial for stakeholders.

The aim of this study is to demonstrate the challenges and potential added benefit to decision-making that real-time sub-seasonal forecasts of rainfall onset can provide.

The remainder of the paper is structured as follows; in section 2 the methodology, data processing and verification techniques are outlined. Section 3 presents the comparative results between the three rainfall onset definitions, as well as the methods for applying real-time sub-seasonal forecasts to onset forecasting. Sections 4 and 5 include a discussion of the implications of these results and conclusions, respectively.



2 Methods


2.1 Observations data

The precipitation observation data used for this study is the Tropical Applications of Meteorology using SATellite data and ground observations (TAMSAT) version 3.1 daily estimates (Maidment et al., 2014; Tarnavsky et al., 2014; Maidment et al., 2017). TAMSAT is a widely used gridded rainfall dataset, based on thermal infrared imagery; previous studies have shown that TAMSAT accurately represents rainfall over Ghana (Atiah et al., 2020). For consistency with the ECMWF hindcast period, data from 1998 to 2019 is used for the TAMSAT climatology. For comparison with the forecast data, the observations are used for the period from 31st January to the 18th April each year, with the full year used to calculate the climatological daily mean rainfall for each day of the year. The spatial resolution of daily TAMSAT data was interpolated from the regular 0.0375° × 0.0375° grid to 1.5° × 1.5° to facilitate the comparison with the ECMWF S2S forecast data.



2.2 Forecast data

The ECMWF sub-seasonal model, version CY45R1, is used in this study. This is the ECMWF model from the sub-seasonal to seasonal (S2S) Prediction Project database (Vitart et al., 2017). This model configuration has a spatial resolution of Tco639/319L91, which corresponds to a horizontal resolution of ~16 km up to day 15 and ~32 km after day 15, with 91 levels in the vertical. The forecast length is 46 days, with 51 forecast ensemble members and 11 hindcast (or re-forecast) ensemble members. For the purposes of this study, weekly Monday initialisation dates are examined between the 17th February 2020 to the 13th April 2020. A 20-year hindcast period from 1998 to 2019 was used to compare the model with the observations, as well as to examine model bias. The ECMWF data was analysed on a 1.5 degree grid, with a day 15–16 correction to remove any anomalies caused by the horizontal resolution change after day 15. This correction involved removing 1 day of data on day 15 (which is erroneous due to the resolution change) and replacing it with a daily mean value from the 46-day forecast data.



2.3 Bias correction

Global weather and climate models have systematic errors (biases) in their output which can be caused by a range of different factors. For example, limited spatial resolution, simplified physical and thermodynamic processes represented by sub-grid parameterisation schemes or an incomplete understanding of the global climate system. Using uncorrected model outputs, especially in applications where decisions are being based on forecast information, could be misleading. Various bias correction or bias adjustment methods have been developed to overcome these model deficiencies. It is important to note that a good, reliable observational dataset is required for effective bias correction. In this study several bias correction techniques were explored, including scaling using the mean (Osei et al., 2021), scaling using the mean as well as the standard deviation, and quantile mapping (Teutschbein and Seibert, 2012). The quantile mapping method, which is widely accepted, was determined to be the most appropriate here, as the scaling techniques did not account for interannual variability within the model. It provides a way to adjust the whole forecast distribution to align better with the observed distribution.

The quantile mapped, leave-one-out method of bias correction was applied. The forecast and hindcasts were combined into a one 21 year dataset, and de-accumulated into daily and weekly total rainfall time series, prior to onset date calculation.

The quantile mapping was conducted by calculating the quantiles for the observed and hindcast datasets (sections 2.1 and 2.2, respectively). This technique maps the cumulative distribution function (CDF) of the ECMWF model forecast time series against the observed CDF time series (Rajulapati and Papalexiou, 2023). This bias correction method was applied separately to daily total data and to weekly totals, as bias-corrected daily rainfall does not accurately account for biases in weekly rainfall values.



2.4 Skill assessment

This study uses the Equitable Threat Score (ETS) to analyse the skill of the ECMWF onset forecasts. The ETS is a verification metric commonly used for the analysis of precipitation forecasts (ECMWF Confluence, 2024). It measures the ratio of correctly predicted events adjusted for random chance, showing how well the correctly forecasted events correspond to the observed event occurrence. This calculates the number of hits the forecast is achieving without the hits that would have been correct purely by chance. The ETS is calculated as follows:
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where:
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2.5 Metrics

This study examines the challenges associated with operationally forecasting monsoon onset on sub-seasonal timescales. Specifically, it compares three definitions of monsoon onset over Ghana in West Africa (Figure 1). The three methods of defining monsoon onset are the cumulative daily rainfall anomaly method (ACCUM), the daily rainfall threshold method (3DAY), and the weekly rainfall threshold method (WKLY). These methods are described in detail below and summarised in Table 1.



TABLE 1 Summary of onset definitions used throughout the study.
[image: Table1]

The cumulative daily rainfall anomaly method (hereafter referred to as “ACCUM”) is adapted from a definition of monsoon onset developed by Dunning et al. (2016), based on Liebmann et al. (2012). This method calculates the monsoon onset by first finding the long term daily mean annual precipitation, and then using this to calculate the rainfall anomaly for each day for the year of interest. This time series is accumulated to get the cumulative daily rainfall anomaly. The monsoon onset is identified as the day of the year at which the minimum cumulative anomaly occurs. However, with a 46-day forecast, it is not yet possible to confirm if a minima is the annual “global minima.” Thus, in order to apply this method to sub-seasonal forecasts in real time, we used an additional criterion that the onset is the day of the year at which the minimum cumulative anomaly occurs, with no lower minima forecast in the next 30 days.

The operational daily rainfall threshold method (hereafter referred to as “3DAY”) is used for agricultural purposes by the Ghana Meteorological Agency (Sivakumar, 1988; Fitzpatrick et al., 2015). This method identifies the monsoon onset as the first day, after 1st February, of three consecutive days over which the cumulative rainfall is greater than 20 mm, and after which there are no periods of 10 days or more with less than 1 mm of rainfall within 30 days of onset. This dry-spell constraint ensures that onset is not falsely declared after a singular heavy precipitation event.

The third method of rainfall onset is the weekly rainfall threshold method (hereafter referred to as “WKLY”), adapted from the AGRHYMET (1996) and Mounkaila et al. (2014) definitions, for use with weekly sub-seasonal forecasts. Previous methodologies are based on 3 consecutive decades (10-day periods) with total rainfall over a given threshold. Our adaptation of the method requires a week 1 rainfall total greater than 20 mm, with the three consecutive weeks of more than 15 mm in total. The onset date is defined as the first day of week 1.

In order to ensure this comparative analysis study is relevant to current practices it includes onset definitions (3DAY and WKLY) which are currently operational for agricultural applications in the West African region. However, a potential disadvantage of such definitions is their dependence upon specific rainfall thresholds. Although these thresholds have been chosen to be appropriate for the regional rainfall characteristics, they may need calibration to reliably be applied to a forecast model with inherent biases (section 2.3). In contrast, the accumulated method (ACCUM) was designed such that it is not threshold dependent, and can be applied to biased, spatially aggregated data. The ACCUM method was originally designed for use after the season, when the full seasonal rainfall evolution is known; here we applied modifications so we could utilise it with 46 day forecast data (added additional criterion that the onset is the day of the year at which the minimum cumulative anomaly occurs, with no lower minima forecast in the next 30 days). While defining and communicating rainy season onset to stakeholders is clearly strongly desired, this comparative analysis of three onset methods gives insight to the challenges of operationally defining monsoon onset in real-time.




3 Results


3.1 Comparison of observed onset metrics

Figure 2 shows the annual wet season onset date for Accra, calculated using the three onset methodologies applied to TAMSAT data for 2000–2020. Annual wet season onset ranges from early February (e.g., in 2011) to late April (WKLY definition in 2004 and 2007), with the majority of onset dates occurring during March. In some years, all three onset definitions show good agreement, for example for 2000, 2002, 2005, 2010–2013 and 2016 (8 years) the three onset dates are all within a week of each other. In other years two of the methods agree to within a few days, while the third is notably different. In these cases, the onset methodology that gives the date that differs is not consistent, for example, in 2004, 2008, 2009 and 2014 the onset dates given by ACCUM and 3DAY methodologies agree to within a week, while the WKLY method is much later, while in 2003, 2006 and 2020 the WKLY and ACCUM onset dates agree to within a week, while the 3DAY onset date is much earlier. For 4 years (2001, 2007, 2017 and 2019) the 3 onset methodologies give 3 different dates, all differing by at least a week; the largest spread is found in 2007 where the range in onset dates is greater than 60 days. 2007 and 2017 are explored further below. 2018 is the only year when the requirements for onset are not met for two of the onset methodologies (ACCUM and WKLY).
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FIGURE 2
 Observed onset dates calculated from TAMSAT data for the hindcast period (2000–2020) for the three onset definitions shown in Table 1: ACCUM (black triangle), 3DAY (blue dot) and WKLY (green cross). The mean onset date from each method across the hindcast period is shown by the horizontal dashed lines. Case study years from Figure 3 are highlighted by grey and black boxes, with further examination of 2012 and 2017 in Figures 4, 5 represented by the black boxes.


Figure 2 also shows the difference in the long term average onset, indicated by the horizontal dashed lines. This figure indicates that the 3DAY method gives earlier onset dates than the other two methods, with the WKLY method tending toward later onsets.



3.2 Characteristics of onset in case study years

Figure 2 highlights the sensitivity in the three onset definitions. The characteristics of particular years, highlighted by the grey and black boxes in Figure 2, are explored further here.

Figure 3 shows the cumulative rainfall anomaly (ACCUM), daily rainfall (3DAY), and weekly (WKLY) rainfall from TAMSAT observations for four example years (2007, 2012, 2016, 2017), represented by the grey and black boxes in Figure 2.
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FIGURE 3
 Observed onset dates from TAMSAT for example years of (a) 2007, (b) 2012, (c) 2016 and (d) 2017, highlighted by grey and black boxes in Figure 2. The weekly (WKLY), daily (3DAY) and accumulated anomaly (ACCUM) onset methods (Table 1) are shown in the bottom, middle and top parts of each subplot, respectively. The dashed vertical line in each section indicates the onset date for each definition. The dates along the x-axis indicate the start of the week.


These 4 years were chosen as examples where the three methodologies display a diversity in comparative behavior; where they have similar monsoon onset dates (2012 and 2016), and where they have a large difference in onset date (2007 and 2017). In 2012 (Figure 3b) all three onset dates agreed to within 1 day; rainfall started during the week of the 23rd March, with regular rainfall and no long dry spells after this. For 2016 (Figure 3c) all three onset dates agree to within 1 week; rainfall started in the week beginning 2nd March and was consistent after this. While there was a drier week in late April (20th April), with a 7 day dry spell, this was over 4 weeks after the onset, and did not have a large impact on the cumulative rainfall anomaly.

2007 and 2017 exhibit a larger spread of onset dates (Figures 3a,d). In 2017 (Figure 3d) there was a very heavy rainfall event (~30 mm) at the end of January (22nd Jan) which met the threshold for the 3DAY onset definition; however this was before 1st February so was not considered. In early March a few days of rainfall triggered the 3DAY onset definition, and while rainfall was low after this there were no 10 day dry spells, so this was defined as onset for the 3DAY method. However, the low rainfall totals in the following weeks meant that this did not satisfy the criteria for the other methodologies. The WKLY and ACCUM methodology have the onset occurring in late March, when rainfall totals were generally consistently higher.

In 2007 (Figure 3a) a few days of rainfall in mid-February met the threshold for the 3DAY onset definition. Similar to 2017, rainfall after this date was generally low, but since there were no 10 day dry spells, this was the onset date for the 3DAY methodology. The period from mid-February to mid-March was generally dry, with increased rainfall from mid-late March onwards; the ACCUM methodology has the onset as 25th March. While the weeks in mid-late March/early April did meet the threshold for the WKLY methodology, a dry week in mid-April (w/b 14th April) meant that this did not meet the onset criteria for the WKLY method. The onset for the WKLY method is later on 5th May, when the 20 mm threshold for week 1 was exceeded. This week also contained a minima in the cumulative rainfall anomaly, but since it was after 30 days after the first minima, it was not the ACCUM onset.

This analysis demonstrates the differences and sensitivities of the different onset methodologies. The 3DAY methodology may be triggered by a large rainfall event and then followed by low rainfall (without 10 day dry spells) which gives an earlier onset date than the other methodologies. Figure 2 shows a few years when the 3DAY onset date is earlier than the date given by the other methodologies (e.g., 2003, 2006, 2007, 2017, 2019, 2020). In 2018 the 3DAY methodology was the only definition that was met. The WKLY methodology is sometimes later due to 1 week of lower rainfall, or the absence of a week with 20 mm to trigger the definition. The ACCUM methodology can contain multiple minima, with slight differences in magnitude, which may lead to a notable difference in onset date. It is important to note that none of these onset definitions are wrong, rather they are all designed to capture slightly different aspects of the rainfall variability during the onset period. Which method is most appropriate is likely to depend on the particular stakeholder decision that it is being applied to. Different applications will have different sensitivities to extended dry spells, for example. That said, these methodological sensitivities are important when considering their application to ensemble forecasts.



3.3 Forecasting rainfall onset in real-time

As previously stated, forecasting rainfall onset is of crucial importance to stakeholders who need this information to make important weather-related decisions in their sectors. However, providing this information in real-time is extremely challenging because onset definitions rely on forecasting both the immediate conditions (i.e., next week), and also future conditions over the next month (i.e., next 30 days). Reliably forecasting this extended range is challenging (de Andrade et al., 2021), turning that information into an actionable forecast for farmers even more so.

Here, the three monsoon onset definitions are applied to a state-of-the-art sub-seasonal forecast model (ECMWF; section 2.2) to assess if reliable and actionable information can be extracted in real-time. The example years 2012 (Figure 4) and 2017 (Figure 5), highlighted by the black boxes in Figure 2, are used to explore the real-time application.
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FIGURE 4
 Forecasts of onset for the three onset methods within 2012, for ECMWF model initialisation dates starting (a) 17th February, (b) 23rd March, (c) 30th March and (d) 6th April. The top panels in each subplot show the accumulated anomaly (ACCUM) for each ensemble member (coloured lines), with observations (black line). The second panel shows the weekly rainfall (WKLY) in 3 categories (<15 mm, 15–20 mm, >20 mm) for the observations (black line) and the forecasts (coloured lines). Please note that the position within each box has no meaning, the lines are simply separated to make the observations and each ensemble member visible. The third panel shows the onset states for the 3DAY method for the observations and forecasts. In the 3DAY panel “A” represents the state where the 3 day accumulation of 20 mm rainfall has not been met or has been met but there has been a subsequent 10 dry spell; “B” represents that there has been a 3 day period with 20 mm rainfall in the last 30 days with no subsequent 10 day dry spell, the transition to “B” occurs on the first day of the 3 day spell; “C” represents that there has been a 3-day period with more than 20 mm of rainfall and no 10 dry spell in the following 30 days. Monsoon onset is defined by the 1st day of the transition to B with no subsequent transition to A in the next 30 days. The bottom panel shows the daily observed TAMSAT rainfall for interpretation purposes. As in Figure 3, the black dotted vertical lines in each plot panel show the observed monsoon onset date for the respective onset method definition. The data is plotted at the beginning of the week period, e.g., 06-01 corresponds to rainfall from the 6–12th January.


[image: Figure 5]

FIGURE 5
 As Figure 4, but for initialisation dates from (a) 2nd March, (b) 9th March, (c) 16th March, and (d) 6th April for 2017.


In the 17th February initialisation (Figure 4a) the forecast ensemble members contain no indication of monsoon onset occurrence prior to or during the forecast period for any method. For the WKLY method most weeks have rainfall <15 mm, and for the 3DAY method all ensemble members remain in category A or B. For the ACCUM methodology there is some suggestion that onset may occur at the end of the forecast period, but it is too close to the end of the forecast period to tell if this is the minima for the next 30 days. The 23rd March initialisation (Figure 4b) shows early indications of a potential monsoon onset according to the 3DAY method and WKLY methods, however no ensemble members predict onset for the ACCUM method. By the 30th March initialisation (Figure 4c), the 3DAY method confirms all ensemble members agree that onset occurred on 22nd March, just over a week before initialisation. The ACCUM method now also indicates that all but one ensemble member predicts onset to have occurred on 22nd March. The WKLY method shows that more than half the ensemble members also predict onset to have occurred, the week beginning 23rd March. For the 6th April initialisation (Figure 4d), the 3DAY and ACCUM still confirm onset occurrence on 22nd March, with the majority of ensemble members confirming onset occurrence for the WKLY method on 23rd March.

It is interesting to note that in early February there was a false onset, with initial rainfall meeting the first criteria for the 3DAY as well as the first two criteria for the WKLY method, however this was followed swiftly by a dry period of little to no rainfall. The 17th February forecast suggests that this was not the onset.

Figure 4 indicates that when onset occurrence is in close agreement across the three methods, as with the 2012 case study (all three methods indicate an onset date within 1 day), the onset can be confirmed in the forecast after approximately 1 week. The 30th March initialisation can be used to strongly indicate that the 22nd March was the onset, long before the 30 day/4 week period after onset, when the onset can be confirmed in observations. However, forecasts in advance of onset offer much less information; the forecast initialised on 23rd March did not strongly suggest that onset was about to occur. After the potential onset (when the first condition is met), there is a 30 day/4 week window where other conditions (no dry spells/no other minima etc.) must be met for the date to be confirmed as onset. The results in Figure 4 suggest that the main strength of the sub-seasonal onset forecasts may be in confirming an onset date within this 30 day/4 week confirmation window (before onset can be confirmed in observations), rather than forecasting the onset date in advance.

Unlike in 2012, in 2017 the three onset methods have a larger spread in the onset date, with the 3DAY onset occurring on the 4th March, the WKLY method on the 31st March and the ACCUM method indicating onset occurrence on the 20th March.

For the 3DAY methodology, in the 9th March initialisation most ensemble members agree on an onset on 4th March, however a later initialisation on 16th March then suggests 10 day dry spells, meaning that ensemble members move back to category A. It is not until the initialisation on the 6th April, that onset can be confirmed, when the observations confirm the occurrence of onset anyway. For the other methods (WKLY and ACCUM) there is limited consensus on onset dates, even for the later initialisation dates, after onset has occurred.

Figure 5 shows that when there is a larger spread in the observed onset date across the three onset methods, the forecasts do not capture or confirm onset reliably, even after the onset has occurred. The disagreement in observed onset dates is likely to be a result of the sensitivity of these methods to small rainfall changes in amount and consistency. These are years with “borderline” rainfall, meaning some onset definitions are met, while others are not. Small differences in rainfall can mean thresholds are/are not met, and can lead to subtle differences in minima for the ACCUM method. Such small and subtle rainfall variations are unlikely to be captured by the sub-seasonal ensemble forecasts. For example there was not quite enough rainfall (a matter of millimetres) in the week of 24th March, which caused a delay in the observed onset within the WKLY method. It is likely that the intermittent dry days around this time also influenced the model prediction for the ACCUM and the 3DAY methods. In years where ACCUM method has a minimum but does not then increase notably from the minima for a long time, small variations in model rainfall may lead to further minima, which results in high forecast sensitivity to model spread.



3.4 Implications for decision-making

Section 3.2 has shown that there are discrepancies between these onset definitions when they are applied to rainfall observations. Section 3.3 has explored how these different definitions can be applied to sub-seasonal forecasts in real-time and again highlighted the challenges within examples where the onset date differs considerably. Receiving and interpreting conflicting information like this could be extremely confusing and misleading for a decision-maker. The landscape of stakeholders making onset-related decisions is extremely broad and represents decision-makers with a wide variety of technical backgrounds, access to information, and training. In this section the analysis goes beyond highlighting the differing characteristics between methods and explores their practical application to decision-making. For an onset forecast to be useful, it must be both useable and used. It is necessary that the sub-seasonal forecast has skill, but this is not sufficient for it to be useful. To add value the onset forecast must also be actionable and inform decisions.

Figure 6b uses the structure of Figures 4, 5 to represent the onset forecast information from all the onset methods. However, to help interpret the complex information, it is now overlaid with and accompanied by a decision making process tree (Figure 6a). This figure describes the complex decision-making process a sub-seasonal forecast users may take (Figure 6a), in relation to when in the season the sub-seasonal information suggests onset has occurred (Figure 6b). A user would ask themselves whether the onset has already occurred in the observations, and whether this needs to be confirmed by further data from the sub-seasonal forecast. If onset has not occurred, they would then consult the latest sub-seasonal data to explore whether an onset threshold is forecasted to occur, and whether this onset can also be validated with the same forecast. Finally, if onset is not forecasted or cannot be validated in the observations or latest available forecast, this is still useful information for a decision-maker. Figure 6 showcases how categories from the decision-making tree (Figure 6a) can be used to analyse a sub-seasonal forecast (Figure 6b) to retrieve useful information of a seasonal event at sub-seasonal timescales.
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FIGURE 6
 (a) Decision making process tree. (b) 2012 example from Figure 4 with the decision categories overlain. Decision category 1 is when the onset occurs in the observations and can be validated also by the observations. Decision category 2 is when the onset occurs in the observations but requires the forecast to validate or confirm the onset conditions. Decision category 3 is when the onset can be seen early in the forecast and can be validated or confirmed also in the forecast. Decision category 4 is when the onset is seen in the later weeks of the forecast but the forecast cannot be confirmed or validated. Decision category 5 is when the onset cannot yet be seen in the observations or forecasted rainfall.


Since monsoon onset is typically a climatological event that occurs once in a season, it can be difficult to utilise shorter-term information, such as sub-seasonal forecasts, when making decisions about onset within that season. Figure 6 demonstrates the potential application of sub-seasonal forecasts for use in real-time decision-making, within the early part of the rainy season. Weekly forecasts can provide updates on the occurrence, or lack-thereof, of rainfall onset. This can be broken into several categories that explore whether the forecast can confirm and support a potential declaration of monsoon onset within the observed record, provide early prediction of potential onset, or provide information regarding the lack of evidence for an upcoming monsoon onset occurrence.

By utilising decision-making categories such as those in Figure 6, in combination with scientific evaluation techniques, we can determine the reliability as well as the practical usefulness of sub-seasonal forecasting for longer term event determination. Conducting meteorological verification is important in building producer and user confidence in the forecast system as well as confidence in the output usefulness for decision-making application. Figure 7 shows the results of equitable threat score (ETS) analysis of the forecasts by lead time and decision-making category.

[image: Figure 7]

FIGURE 7
 Equitable threat score (with a 50% threshold) for Accra, for the ACCUM method (a), 3DAY method (b), and the WKLY method (c). The forecast initialisation dates are shown on the y-axis and onset categories, which align with the decision categories from Figure 5, on the x-axis. These categories are: onset shown in the observations (aligned with decision category 1), onset occurring in weeks-3 and -4 (aligned with decision category 2), onset occurring in weeks -2 and -1 (also aligned with decision category 2), onset occurring in weeks 1 and 2 (aligned with decision category 3), and onset occurring after week 3 (aligned with decision categories 4 and 5). The values within the boxes show hits, misses, false alarms and correct negatives. The darker blue colours indicate more favourable ETS scores, with hatching over the boxes indicating where the forecast gives only correct negatives.


The equitable threat scores (Figure 7) demonstrate that within each onset method there is good skill in the ECMWF forecasts confirming onset having occurred in the observations as well as in the weeks immediately preceding forecast initialisation. Dark blue colours in weeks-3 and -4 for all methods show that when onset is triggered 3–4 weeks before the forecast, there is good forecast skill for confirming onset (within the 30 day/4 week confirmation window). For weeks-1 and -2 the skill is better for the 3DAY method; when the onset is triggered 1–2 weeks before the forecast, again, there is good forecast skill for confirming onset (within the 30 day/4 week confirmation window). While the skill is lower for ACCUM and WKLY there is some forecast skill here.

The WKLY method shows poor skill compared to the 3DAY and ACCUM methods week 1 and 2 of the forecast but appears to better predict later onset occurrence, especially within the later initialisation dates. The 3DAY method has poor skill during later initialisation dates. The ACCUM method appears to have more consistent skill for prediction onset within the forecasted period, and across initialisation dates.

The skill analysis shown in Figure 7 confirms what was suggested in Figures 4, 5. For both the ACCUM and WKLY methods, when the onset occurs 2 or more weeks prior to the forecast, the forecast has good skill in confirming that onset has occurred. For the 3DAY method this confirmation of onset happens even earlier, with good skill in the forecast’s ability to determine onset more than 1 week after onset occurs within the observations. Using this ETS analysis, we can have reasonable and actionable confidence when the 3DAY method has onset occurring in week-1 and -2, that onset has indeed occurred that season. This is especially true when the onset methods are in better agreement that season, as discussed in Figures 4, 5.

Although there is limited skill for reliably forecasting onset within the forecast itself, the forecast’s ability to confirm onset occurrence after 1–2 weeks is still 2 weeks earlier than current operational techniques, which require 30 days or more to accurately assess if onset has occurred. It is important to note that these results, and forecasts, provide just one piece of valuable and useful information among several within an effective decision-making and actionable process.




4 Discussion and conclusion

We have presented an approach for the creation of onset forecasts using ECMWF sub-seasonal rainfall forecasts in real-time, and have detailed how such onset forecasts could be used in decision-making processes associated with the onset of monsoon rains. For the most part, monsoon onset is a climatological event that occurs once in a season, thus it can be difficult to utilise shorter-term information, such as sub-seasonal forecasts, when making decisions about onset within that season.

Three commonly used methods for defining onset were used. While two are used in operational contexts (3DAY and WKLY), the ACCUM method has been used in a range of studies on seasonal and sub-seasonal forecasting of monsoon onset [e.g., Bombardi et al., 2017; MacLeod, 2018], due to its applicability to biased, spatially aggregated data. All of the methodologies have different strengths and weaknesses when applied to the sub-seasonal forecasts, and exhibit different sensitivities.

The 3DAY and WKLY methods both rely on rainfall over a period of days, which make these methods more sensitive to exactly when the rainfall occurs temporally. The WKLY onset determination method can be sensitive to the starting day of the week, due to the method calculation constraints. For example, a single day of high rainfall falling on a Sunday, with the week starting on Monday, can result in a large change in the weekly total and thereby impact the onset date. Small differences in the timing of rainfall in the forecast can lead to large differences in the timing of wet season onset. Small differences in rainfall amount (0.9 mm vs. 1.1 mm) and timing can alter the length of dry spells, and the timing of the 3DAY onset.

All three methods can be sensitive to small differences in rainfall amount, meaning a threshold is or is not met, or a minima is reached. These methodological sensitivities are important when considering their application to ensemble forecasts.

The decision-making context demands careful consideration of the application of a specific onset method, as there can be a large difference in the onset dates observed (Figure 2). Particularly, the average observed onset using the WKLY method was later than the other two.

The onset method should be carefully designed relative to the application, and which method is most appropriate for a decision-making context is likely to depend on the particular stakeholder decision that it is being applied to. For example, what rainfall amount and distribution is required for seedlings to survive, or for a reservoir supplying water to a hydroelectric dam to fill, or for populations of malarial mosquitoes to increase? Different applications will have different sensitivities to extended dry spells. This may create challenges for a National Meteorological Agency providing onset forecasts to users; which onset date will best meet the decision-making context for most users? In addition, for which onset method does the sub-seasonal forecast exhibit the highest prediction skill t? Figure 7 suggests that the ECMWF forecast has the most skill for the 3DAY method, and can confirm onset just 1–2 weeks after the initial trigger. Overall, the forecast based on the 3DAY method is able to determine onset earlier, reliably, than the other two methods.

It is also important to note that, although it was not discussed in detail during this analysis, the geographical scale or resolution of the data can make a big difference to the determination of onset dates. Fitzpatrick et al. (2015, 2016) show differences in onset dates when calculated at different scales; this may be a challenge of using forecasts at 1.5° scale to forecast local onset. Further work should explore how coarse-scale sub-seasonal forecasts can be used for local scale decision making.

For operational use in a decision-making context, the primary benefit of sub-seasonal forecasting of monsoon onset using the three methods described within this study is the earlier confirmation of onset occurrence when compared to examination of observations only. When solely using observations, onset is not confirmed until 30 days/4 weeks after the initial trigger. Here we have shown that sub-seasonal forecasts from ECMWF can be used within that 30 day/4 weeks window to confirm if an initial trigger was the wet season onset. This may be of particular use for agriculturalists, who can plant earlier with confidence that the wet season has started, offering a longer growing period.

We have also shown that sub-seasonal forecasts cannot be used to forecast onset in advance of the onset date. This may be due to the onset definition depending on at least 30 days/4 weeks of rainfall, and sub-seasonal forecast skill is lower after week 3–4 (de Andrade et al., 2021).

Here we have demonstrated an approach for the creation of onset forecasts using ECMWF sub-seasonal rainfall forecasts in real-time; further work should explore with stakeholders and operational forecasters how this can be used in an operational setting, including a forecast testbed for trialling the production and use of sub-seasonal onset forecasts in real time.
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