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Abstract

Calibrated probabilistic forecasts of weekly rainfall were developed for the state of Bihar in
northern India and issued in real time during the June–September 2018 monsoon period, up to 2 weeks
in advance. The forecasts are based on subseasonal forecasts from the U.S. National Centers for
Environmental Prediction CFSv2 model and were calibrated against observed gridded rainfall fields from
the India Meteorological Department using canonical correlation analysis. Hindcasts over the 1999–2010
period exhibit appreciable skill at Week 1 lead (Days 3–9), with some skill at Week 2 (Days 10–16), over
Bihar as well as over a larger region. Forecasts were issued in real time during the 2018 Indian summer
monsoon season for four districts in Bihar on a 1◦ grid in tercile probability format every Thursday.
Verification of the district-level real-time forecasts over the 2018 season is evaluated and moderate skill
demonstrated in terms of the Brier and Heidke skill scores, especially for the northern districts and for the
below-normal category. Successful monsoon onset and break phase forecasts in 2018 over Bihar are related
to episodes of the Madden-Julian Oscillation, which the model is shown to capture quite well at
1–2 week lead.

1. Introduction
Subseasonal forecasting is a rapidly developing area of forecast development, with the potential to fill the
gap between weather forecasts and seasonal climate outlooks and to provide valuable information for the
development of climate services (Robertson & Vitart, 2019; Vitart et al., 2012). While weather forecasts
target the conditions on a particular day, subseasonal forecasts typically target weekly conditions up to several weeks in advance. Weekly averaged Indian summer monsoon rainfall is challenging to predict even in
the first 7 days of the forecast (Vigaud, Robertson, Tippett, & Acharya, 2017); however, the boreal summer
intraseasonal oscillation (BSISO), closely related to the Madden-Julian Oscillation (MJO), is known to have
predictability on multiweek time scales (Lee et al., 2013; Vitart, 2017), leading to the expectation of skill in
Indian monsoon prediction beyond Week 1.
Although the Indian Meteorological Department (IMD) has recently begun issuing extended range forecasts of monsoon weekly precipitation up to 4 weeks ahead for each meteorological subdivision in India
(Pattanaik et al., 2019), access to timely and relevant climate information to rural communities at district
level is still very limited. This motivated a concerted research effort to study the potential usefulness of integrating subseasonal forecast information into the rural livelihoods of Bihar to improve climate resilience.
The International Research Applications Project (IRAP; Vaughan et al., 2014), funded by the U.S. National
Oceanic and Atmospheric Administration, was a collaboration between the IRI, the University of Arizona,
IMD, the Regional Integrated Multi-Hazard Early Warning System for Africa and Asia (RIMES), Thailand,
and the Government of Bihar (https://irapclimate.org/). Given the objective of studying the usefulness of
climate forecast information for creating effective climate services (Vaughan & Dessai, 2014) in areas vulnerable to floods and droughts, the flood-prone districts of Darbhanga and East Champaran in the north of
Bihar were selected, along with the drought-prone southern districts, Nawada and Jehanabad, as a case study
demonstration of the potential value of subseasonal forecasts for small-holder farmers in India (Figure 1).
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The forecasts over Bihar are based on output from the National Oceanic and Atmospheric Administration's
National Centers for Environmental Prediction (NCEP) Climate Forecast System, Version 2 (CFSv2) global
ensemble prediction system, which are publicly available in real time. An important goal of the study was
13,861

Journal of Geophysical Research: Atmospheres

10.1029/2019JD031374

Figure 1. Location maps indicating the locations of the four Bihar districts for which forecasts were issued: East
Champaran, Darbhanga, Jehenabad, and Narwada (icons). Colors indicate four agroclimatic zones of Bihar: Zone 1
(North West Alluvial Plain) and Zone II (North East Alluvial Plain) are flood prone. Zone IIIA (South East Alluvial
Plain) and Zone IIIB (South West Alluvial Plain) are drought prone.

to produce well-calibrated probabilistic forecasts of weekly averaged conditions, which were expressed in a
below-normal/near-normal/above-normal tercile categorical format, as described in section 3. The forecasts
were generated in real time every Thursday during the 2018 Indian summer monsoon season, for the following 2 weeks ahead, from 7 June to 27 September, making 17 weekly issuances in all. Due to the lack of forecast
strength and skill found at longer lead times, the forecasts were restricted to about 2 weeks in advance
(see section 3.3 below). The forecast maps were discussed each week with IMD and displayed through
a virtual maproom (http://iridl.ldeo.columbia.edu/maproom/Agriculture/Bihar/Forecasts/S2S_Fcst/index.
html). A text summary was sent to Bihar's State Agricultural Universities who then forwarded them via a
nongovernmental organization for dissemination to the farmers. A flow chart of the forecast generation and
dissemination is shown in Figure 2.
After a brief description of the agroclimatic setting of Bihar in section 2, the forecast methodology and
experimental design are presented in section 3, along with validation of the forecast model using hindcasts.
Real-time forecasts and verification for monsoon 2018 are shown in section 4 for the four Bihar districts,
together with diagnostics of the MJO in the model forecasts and observations. The summary and conclusions
follow in section 5.

2. The Agroclimatic Setting of Bihar
Bihar, located in northern India bordering Nepal, is one of the most climate-sensitive states in India due to its
geographical setting, hydrometeorological uncertainties, dense rural population, and high level of poverty.
Landlocked, Bihar is bisected by the Ganges river, which flows from west to east. Located between 25◦ N
and 27◦ N, and 82◦ E to 88◦ E, the climate of Bihar is subtropical, with the Himalayan Mountains in the north
having a significant bearing on the distribution of monsoon rainfall. Bihar is divided into four agroclimatic
zones, with two zones north of the Ganges prone to floods while the southern two zones are exposed to
droughts (Dutta et al., 2001; Sattar et al., 2017) (Figure 1). Agriculture is the backbone of the economy of
Bihar, contributing about 19% to the state's gross domestic product and providing employment to about
70% of the work force in rural areas, which is much higher than the national average (Singh et al., 2014).
The climate of Bihar is favorable for the production of various crops, with three crop seasons: Kharif, Rabi,
and Zaid. The Kharif season differs by state but is generally from June to September (Singh et al., 2014;
Tesfaye et al., 2017). These crops are usually sown at the beginning of the monsoon season around June
and harvested by September or October. The Rabi season usually starts in November and lasts up to March
or April. Rabi crops are mainly cultivated using irrigation. Between the Kharif and Rabi seasons, there is a
short season of irrigated crops in March to July (Zaid) that do not have to await the arrival of the monsoon.
ROBERTSON ET AL.

13,862

Journal of Geophysical Research: Atmospheres

10.1029/2019JD031374

Rice, wheat, and pulses are grown in all Bihar districts, but the choice
of the crop and crop rotation varies across the agroclimatic zone (Singh
et al., 2014). Agriculture in Bihar is crucially dependent on monsoon
rainfall. Although around 57% of its gross cultivated area is irrigated,
irrigation itself is crucially dependent on monsoon as it largely depends
on the use of surface water (Laskar et al., 2015). Onset of the monsoon
toward the end of June or early July generally provides enough water
for the rice crop. Any aberration in rainfall during this period affects the
prospect of good yield due to delayed transplanting and poor crop growth
owing to water scarcity, heavy infestation by weeds, and outbreaks of
diseases and insect pests (Singh et al., 2014).
For the above reasons, rural livelihoods in Bihar are highly vulnerable to
weather and climate variability, motivating this pilot study to help inform
the development of climate services (Vaughan & Dessai, 2014) based on
subseasonal monsoon forecasts. For example, a farmer could plan irrigation depending on the rainfall forecast; he/she could plan sowing dates
based on a local monsoon onset date forecast, while if heavy rain is forecasted at the end of the season, a farmer could harvest early to save
the crop.

Figure 2. Flowchart of the forecast generation and dissemination.
Interactions between the institutions and actors involved are indicated on
the right. NGO = nongovernmental organization.

3. Forecast Methodology

3.1. Experimental Design
The forecasts are based on the NCEP CFSv2 coupled atmosphere-ocean
dynamical prediction system (Saha and Coauthors, 2014). The atmospheric component of CFSv2 is a 2007 version of the NCEP Global
Forecast System general circulation model (GCM) with a spectral truncation of 126 waves in the horizontal
and 64 levels in the vertical (Saha et al., 2010). The oceanic component is the Geophysical Fluid Dynamics Laboratory Modular Ocean Model Version 4 (Griffies et al., 2004). The CFSv2 system increases the
length of skillful MJO forecasts (bivariate anomaly correlation above 0.5) from 6 to 17 days compared to its
predecessor, CFSv1 (Saha & Coauthors, 2014).
Forecasts were generated in real time on Thursdays, using CFSv2-forecast Wednesday starts, for
Friday–Thursday Target Weeks 1 and 2, accessed from NCEP in real time via the International Research
Institute for Climate and Society (IRI) Data Library at Columbia University. This design was chosen to match
the dates of the Extended Range Rainfall Outlooks being developed by IMD, as well as giving enough time
to make the calibrated forecasts based on the CFSv2 forecast output available on the NCEP server. This corresponds to Forecast Lead Days 3–9 (Week 1) and Days 10–16 (Week 2). The CFSv2 model forecasts are
initialized every 6 hr and consist of one ensemble member (the control) over the hindcast period, with an
additional three perturbed ensemble members available from the 2018 real-time forecasts per 6-hourly start.
This yields daily ensemble sizes of 4/day and 16/day for the hindcasts and real-time forecasts, respectively,
from which the ensemble average was computed. In order to augment the ensemble sizes, the forecast starts
from the two previous days were also included in the ensemble mean, although the resulting forecasts were
not found to be very sensitive to augmenting the “lagged ensemble” in this way. Thus, for example, the 3-day
lagged ensemble Week 1 forecast for the week of 8–14 June 2018 consists of an average over 48 members,
comprising 16 daily starts made on 4–6 June (Monday–Wednesday). Since the target weeks start on Fridays,
8–14 June (week 1) corresponds to forecast leads of 3–9 days, taking that the 6 June starts to correspond to
a lead of 1 day.
3.2. Forecast Calibration
It is well known that seasonal precipitation forecasts based on GCM output contain serious biases that must
be corrected through calibration of the model output against observed data (Goddard et al., 2001; Tippett
et al., 2007; Wilks, 2002). Comparable biases are also seen in subseasonal forecasts (Li & Robertson, 2015)
and have been corrected using similar approaches (Doss-Gollin et al., 2018; Vigaud, Robertson, & Tippett,
2017). In particular, probability estimates based on counting the number of forecast ensemble members
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falling above or below a chosen climatological percentile (e.g., the 33%) give rise to exaggerated (overconfident) forecast probabilities because the ensemble spread is generally too small given the size of the root
mean square error (Neena et al., 2014). Hindcast ensemble sizes are typically much smaller in subseasonal
forecasting systems (Vitart et al., 2017) than in seasonal ones (Kirtman & Co-authors, 2014); forecast probabilities cannot be calculated accurately by counting ensemble members, making parametric methods such
as Canonical correlation analysis (CCA) desirable for obtaining skillful probabilistic subseasonal forecasts
(Tippett et al., 2007).
CCA is a well-established pattern-based method of multivariate linear regression used to statistically correct
seasonal forecast errors (Barnston & Tippett, 2017; Smith & Livezey, 1999; Tippett et al., 2003). It has also
recently been applied to subseasonal precipitation forecasts (Doss-Gollin et al., 2018). CCA identifies modes
of covariability between two multivariate time series, called canonical variates or canonical modes, by maximizing the correlation between linear combinations of the predictor's and predictand's principal component
(PC) time series. This method of correcting model systematic errors in the simulated patterns of variability
using the model's output statistics (MOS) is commonly known as MOS-correction (Feddersen et al., 1999).
Regression of the forecasts against observed data over a hindcast period is typically based on the model's
ensemble mean, enabling regression-corrected deterministic forecasts. These are then translated into probabilities by assuming a Student t forecast distribution whose spread is calculated using the regression-model
cross-validated errors over the hindcast period. The methodology was implemented using the IRI Climate
Predictability Tool software (CPT; Mason & Tippett, 2018).
The CCA regression model was first trained using hindcasts of weekly averaged ensemble-mean precipitation fields spanning the period 1999–2010, archived at 1.5◦ resolution from the WWRP/WCRP S2S Prediction
Project database (Vitart et al., 2017), obtained via IRI Data Library. The precipitation-field forecasts made
over this 11-summer historical period were regressed against the corresponding observed precipitation estimates from IMD averaged over each forecast target week (the predictand), obtained on a 1◦ grid (Rajeevan
et al., 2006). In order to obtain a sufficiently large training set, the daily CFSv2 hindcasts were sampled every
3 days, for all hindcast daily starts (i.e., model initializations) falling in the June–August months, yielding
371 training samples of the predictor and predictand in all.
By pooling all of the June–August starts, the methodology assumes stationarity of the model-to-observations
CCA mapping over the monsoon season. The CCA was performed using weekly precipitation anomalies of
the predictor and predictand series, constructed by subtracting the respective weekly climatology. We use a
so-called “lead-dependent” model hindcast climatology, computed separately for each lead time and start
date, so as to remove any model drift. For example, the predictor for the Week-1 hindcast from 1 June 1999
consists of the 3–9 June 7-day-averaged ensemble mean precipitation, with the 3–9 June 1999–2010 average
subtracted to form the anomaly.
The spatial domains for the GCM predictor fields X and observed predictand fields Y were taken to be
(12–32◦ N, 74–92◦ E) and (23–28◦ N, 80–89◦ E), respectively. The latter was chosen to encompass the state
of Bihar, with the predictor field X defined over a larger spatial domain in order to represent the main
intraseasonal modes of monsoon variability, for example, Moron et al. (2012). The Y field was transformed to
Gaussian at the outset to account for the non-Gaussian nature of weekly monsoon precipitation. A gamma
distribution is first fitted to the rainfall data, and the shape and scale parameters estimated. From these
estimates, the mean and variance of the corresponding Gaussian distribution are given in closed form. While
the IMD has produced a 0.25◦ version of their gridded daily rainfall data set (Pai et al., 2013), we chose not to
downscale the forecasts to that scale but rather use a 1◦ resolution that is similar to the horizontal resolution
of the CFSv2 model.
The model was trained using leave-5-out cross-validation, in which the adjacent 2 starts before and after any
particular forecast start date S are omitted when computing the skill of the forecast.
CCA requires truncation of the PC expansions of the X and Y fields, as well as selection of the number of
CCA modes. In Climate Predictability Tool, these truncations are chosen so as to maximize the model's skill
under cross-validation in terms of area-averaged Kendall's 𝜏 rank correlation coefficient. These truncations
for the model trained on June–August hindcasts are (7X, 6Y, 4C) for Week 1, (3X, 3Y, 3C) for Week 2, and
(4X, 4Y, 3C) for Weeks 3 and 4, for the number of X and Y PCs and CCA modes (C), respectively. Note that
the number of X and Y PCs are not constrained to be equal. The leading three CCA modes for Week 1 are
ROBERTSON ET AL.
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Figure 3. Leading three CCA modes for Week 1 forecast lead time, showing spatial loading patterns of the predictor X
and predictand Y (left and right columns, respectively) and their time series (middle column, X in red, Y in green). The
values of the canonical correlations are 0.732, 0.609, and 0.314. The CCA analysis is based on seven PCs of X and six
PCs of Y .

shown in Figure 3. The predictor X loading patterns resemble those of intraseasonal oscillation anomalies,
with northwest-southeast oriented dipoles (Yoo et al., 2010). The predictand Y anomaly patterns are largely
consistent with those of X at large scale, but the differences in detail illustrate the pattern correction nature
of CCA. The correlations between the respective time series are about 0.6–0.7 for the first two modes and
about 0.3 for CCA Mode 3.
3.3. Model Validation
The cross-validated skill of the CCA-corrected CFSv2 hindcasts is shown in Figure 4 at various lead times, in
terms of the Spearman rank correlation. Quite similar results are obtained for Pearson anomaly correlation.
Skill ranges from 0.30–0.60 in Week 1, to 0.15–0.45 in Week 2, and 0.30 or less at Weeks 3 and 4. These low
skill levels in monsoon precipitation beyond the first week are consistent (and particularly at Weeks 3 and 4)
with those found using extended logistic regression (Vigaud, Robertson, Tippett, & Acharya, 2017). While
we did not exclude, a priori, the potential value of Weeks 3 and 4 forecasts, in practice, the Real-Time Weeks
3 and 4 forecasts were never sufficiently sharp (i.e., deviating strongly from 33%) for us to have sufficient
ROBERTSON ET AL.
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Figure 4. Spearman correlation skill of the cross-validated CCA-calibrated model for forecast leads (a) Week 1
(Days 4–10), (b) Week 2 (Days 11–17), and (c) Weeks 3 and 4 (Days 18–31). State outlines are indicated.

confidence in them. Thus, in the following, the issued real-time forecasts are restricted to Weeks 1 and 2
leads.
While the focus here is on Bihar, Figure 5 shows the skill obtained for a larger region corresponding to the
domain of the CFSv2 predictor field; that is, the GCM predictor field X and observed predictand field Y both
span the same region (12–32◦ N, 74–92◦ E). The skill over Bihar using this larger predictand domain is very
similar to that obtained using the smaller domain (Figure 4), and relatively high skill levels extend quite
uniformly across the larger domain. This demonstrates that good skill is not limited to Bihar alone.

4. Real-Time Forecasts for Monsoon 2018
4.1. Observed Features of the 2018 Indian Summer Monsoon
Monsoon onset over Kerala was declared by IMD on 29 May 2018, 3 days earlier than the climatological
onset date, but was followed by weakening monsoon flow and a hiatus in its further northward advance.
The monsoon reached Bihar on 25 and 26 June, almost 16 days late compared to the climatological average

Figure 5. Spearman correlation skill of the cross-validated CCA-calibrated model over a larger region. Forecast leads
(a) Week 1 (Days 4–10), (b) Week 2 (Days 11–17), and (c) Weeks 3 and 4 (Days 18–31). As Figure 4 but with larger
predictand spatial domain (see text for details).
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Figure 6. Weekly evolution of Bihar-averaged rainfall for 7-day periods beginning Friday, 8 June (line graph), together
with the averages for each of the four districts (barchart). Constructed from 0.25◦ IMD data.

onset date of 10 June. During June–September 2018, 11 of the 18 weeks registered rainfall deficits over Bihar,
with the entire season recording a large deficit (−25% departure from its long period average) (IMD, 2018).
The weekly evolution of Bihar-average rainfall is depicted over the June-September 2018 season in Figure 6,
constructed from the IMD's real-time data set, 0.25◦ data set (Pai et al., 2013). Rainfall was below the
long-term average during most of June, with monsoon onset over Bihar declared by IMD on 25 and 26 June,
coinciding with the first significant wet spell, which lasted until about 7 July. This was followed by a 2-week
monsoon break with little rainfall until about 22 July, after which the most active phase of the monsoon persisted until about 7 August. The middle of August was characterized by another 2-week break phase until
about 20 August when the last active phase began, with Bihar rainfall reaching normal levels during most
late August and early September. Figure 6 also shows the weekly rainfall time series for each of the four

Table 1
Weekly Observed Rainfall Tercile Category for Each of the Four Districts Based on IMD's
High-Resolution Gridded Data, With Respect to the 1999–2010 Hindcast Base Period
Week

East Champaran

Darbhanga

Jehanabad

Nawada

8–14 Jun

N

A

A

N

15–21 Jun

B

B

N

B

22–28 Jun

N

N

N

N

29 Jun to 5 Jul

A

A

A

N

6–12 Jul

B

B

B

B

13–19 Jul

B

B

B

B

20–26 Jul

N

N

N

A

27 Jul to 2 Aug

A

A

A

A

3–9 Aug

A

A

A

N

10–16 Aug

N

N

B

B

17–23 Aug

B

B

B

N

24–30 Aug

A

B

N

A

31 Aug to 6 Sep

N

N

B

N

7–13 Sep

B

A

N

B

14–20 Sep

B

N

N

B

21–27 Sep

B

B

N

N

28 Sep to 4 Oct

B

B

B

B

5–11 Oct

B

B

N

B

Note. B = below normal; N = near normal; A = above normal.
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individual target districts. The main active/break spell features seen for
Bihar as a whole are reflected in the individual district time series but
with sizable interdistrict variations, indicative of the difficulties of prediction at the district scale. Table 1 gives the weekly observed tercile category,
that is, below normal, near normal, and above normal, for each of the four
target districts based on IMD's high-resolution gridded data, with respect
to the 1999–2010 hindcast base period.

Figure 7. Wheeler-Hendon diagram of the MJO RMM bivariate index
June–September 2018. The color of the points denotes the date progression,
as indicated in the color bar. Points within the dashed circle denote inactive
MJO conditions, and Numbers 1–8 indicate MJO phase. The RMM index
(Wheeler & Hendon, 2004) was obtained from the Bureau of Meteorology
via IRI Data Library. The 20 June and 4 July values are indicated for
comparison with Figure 13.

Two notable episodes of the MJO took place during summer 2018, as seen
from the Wheeler-Hendon bivariate index (Wheeler & Hendon, 2004),
plotted in Figure 7. The MJO is closely related to BSISO, also known over
India as the Monsoon Intraseasonal Oscillation (Suhas et al., 2013). A
weak-moderate event occurred in the second half of June, with the MJO
in Phases 1 and 2 from 17 to 30 June. These correspond to enhanced
convection over the western Indian Ocean, which is typically accompanied by enhanced rainfall over Bihar (Pai et al., 2011). This is consistent
with the timing of the monsoon onset over Bihar in late June. A much
stronger MJO event took place in July, with the MJO developing in Phase
5 from 11 to 18 July, coinciding with the severe dry spell over Bihar, and in
Phase 6 thereafter, coinciding with the return of wet conditions (Figure 6).
Consistently, MJO Phase 5 corresponds to enhanced convection over the
Maritime Continent, which is typically accompanied by below normal
rainfall over Bihar (Pai et al., 2011). Bihar-averaged rainfall anomalies for
each MJO phase are plotted in Figure 8, which is constructed from the
IMD 0.25◦ data; they are consistent with enhanced rainfall in Phases 1
and 2 and reduced rainfall in Phase 5. However, the MJO-rainfall relationships over Bihar are fairly weak, and only the Phase 1 positive anomaly
is statistically significant at the 90% confidence level (from a bootstrap
resampling test, randomly permuting the years of the rainfall time series
1,000 times, so as to preserve daily rainfall temporal structure).
4.2. Example of the Forecasts Issued on 14 June 2018
The probabilistic Weeks 1 and 2 forecasts issued on Thursday, 14 June
(from 13 June initial conditions), for the 15–21 and 22–28 June target
periods (Friday–Thursday) are shown in Figure 9. The below-normal
tercile category is dominant in the forecasts for both Weeks 1 and 2,
with probabilities of 50–55% in Week 1 and declining to 40–45% at
Week 2. These categorical probability forecasts can be compared with the
observed weekly rainfall from IMD, expressed in terms of the percentile
rank of the observations compared to the same calendar week over the
Years 1999–2010, that is, using the same climatological period as for the
model reforecasts. These percentile ranks are shown in Figure 10. The
Week 1 forecast for the 15–21 June verified in the dominant tercile, which
was below normal across the region. For Week 2, 22–28 June, the forecast still favored drier conditions but with near-normal to below-normal
rainfall being largely what was observed.

Figure 8. Composites of IMD 0.25◦ rainfall averaged over state of Bihar for
each MJO phase, for the June–September season, 1981–2010. The
climatological average has been subtracted. Only days with MJO amplitude
exceeding one standard deviation are included.

ROBERTSON ET AL.

To help diagnose these probabilistic forecasts, the corresponding CFSv2
ensemble mean forecast anomalies are shown in Figure 11. They are negative at both leads over most of the subcontinent, indicative of large-scale
break conditions. The largest difference between the 2 weeks is seen over
the Bay of Bengal, where positive anomalies appear at Week 2. Bihar
exhibits similar fairly weak dry anomaly ensemble-mean magnitudes
at both forecast lead times, which contrasts with the (correctly) higher
forecast probabilities in the Week 1 calibrated forecasts (Figure 9). This
distinction in the latter may be due to a larger projection of the Week-1
GCM forecast anomaly field onto CCA Mode 2 (Figure 3), associated with
13,868
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Figure 9. Calibrated probability forecasts for (a) Week 1 (15–21 June) and (b) Week 2 (22–28 June), issued on 14 June
2018. Shown is the probability of the dominant tercile category.

the dry GCM anomalies over the Bay of Bengal, tending to enhance the below-normal forecast probabilities
over southern Bihar. The Week 2 forecast probabilities are also expected to be attenuated due to the lower
skill at Week 2 seen in Figure 4.
4.3. Forecasts Over the Four Bihar Target Districts
Table 2 gives the forecast probability values of the dominant forecast category of all the Weeks 1 and 2
forecasts for the four target districts, East Champaran, Darbhanga, Jehenabad, and Narwada, throughout
the 2018 monsoon season. These values were estimated subjectively in real time based on the forecast maps
such as Figure 9, purposefully constructed on a relatively coarse 1◦ grid to match the spatial resolution of
the CFSv2 model. The forecast probabilities range from a maximum of 60% to 33%, the latter in cases where
no category was dominant. The Week-1 probabilities are on average larger than those for Week 2, consistent
with lower forecast skill at Week 2 (Figure 4b) resulting in less-sharp forecasts.
4.4. Forecast Skill Evaluation
Two probabilistic measures, the Brier Skill Score (BSS) (Murphy, 1973) and the Heidke Skill Score (HSS)
(Jolliffe & Stephenson, 2003), are employed to evaluate the 17 Weeks 1 and 2 forecasts issued in real time.
The Brier score is a quadratic measure of error in probabilistic forecasts, that is, the mean square error of a
probability forecast for a specific forecast category. The BSS represents the level of improvement of the Brier
Score compared to that of a reference forecast, taken to be the climatological probability (i.e., 0.33 for each
of the tercile categories). The BSS (−∞ to 1) is equal to 1 for a perfect forecast, whereas BSS = 0 implies no
improvement over climatological forecast, and negative values of BSS imply that the forecasts are worse than
a climatological equal-odds forecast. The HSS, a categorical measure, is based on a Heidke hit rate defined
by the proportion of forecast cases in which the forecast category assigned the highest probability is later
observed, irrespective of the probability value. The HSS (−∞ to 1) measures the fraction of correct forecasts
after eliminating those forecasts which would be correct due purely to random chance. Negative (0) values
indicates that a forecast is worse (same) than a randomly based/generated forecast set, and a perfect forecast
set obtains a HSS of 1.

Figure 10. Observed percentile of weekly IMD rainfall for (a) 15–21 June and (b) 22–28 June, with respect to the
1999–2010 climatological period, plotted on a 0.25◦ grid. The districts of Bihar are indicated.
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Figure 11. As Figure 9 but showing the CFSv2 ensemble mean anomalies of weekly total precipitation (in mm) Week 1
(a) and Week 2 (b).

Table 3 presents the BSS for each district. The forecasts have positive skill for the below-normal category
for both Weeks 1 and 2, except for Jehanabad at Week 1, with the BSS being higher at Week 1 as expected.
In contrast, only Darbhanga (a flood-prone district) has positive BSS skill for the above-normal category. To
increase the sample size, the BSS was also calculated by pooling the forecasts for each pair of districts (East
Champaran and Darbhanga for flood prone and Jehanabad and Narwada for drought prone). For both pairs,
the BSS is positive for the below-normal category at both leads, while neither pair shows any skill for the
Table 2
Weeks 1 and 2 Rainfall Forecast Probabilities
Generation date

East Champaran

Darbhanga

Jehanabad

07.06.18

55A,—

55A,—

55A,—

Nawada
55A,—

14.06.18

57B,42B

57B,42B

57B,42B

57B,42B

21.06.18

42A,33A

42A,33A

42A,33A

42A,33A

28.06.18

42A,40B

42A,40B

42A,40B

42A,40B

05.07.18

40B,40B

40B,40B

40B,40B

40B,40B

12.07.18

40B,40B

40B,40B

40N,40A

40N,40A

19.07.18

45B,33B

45B,33B

33B,40A

33B,40A

26.07.18

40N,40A

40N,40A

40N,40A

40N,40A

02.08.18

50A,33A

50A,33A

40A,33A

40A,33A

09.08.18

37.5B,35B

37.5B,35B

37.5B,35A

37.5B,35A

16.08.18

45B,40B

45B,40B

45B,40B

45B,40B

23.08.18

45B,40B

45B,40B

45B,40B

45B,40B

30.08.18

40A,40A

40A,40A

40A,40A

40A,40A

06.09.18

60A,40A

60A,40A

60A,40A

60A,40A

13.09.18

60B,35A

60B,35A

60B,35A

60B,35A

20.09.18

45B,35A

45B,35A

45B,35A

45B,35A

27.09.18

45B,45B

45B,45B

45B,45B

45B,45B

Note. Numbers are the probability of the dominant tercile category: B = below normal, N = near normal, and
A = above normal. The Weeks 1 and 2 values are separated by a comma. The forecasts were generated on
Thursdays using forecasts initialized the previous day; the target weeks correspond to Friday–Thursday.
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Table 3
Brier Skill Score of the 17 Real-Time Forecasts From Forecasts Made Every
Week From 7 June to 27 September 2018
Week1
East Champaran
Darbhanga

Week2

Above

Below

Above

−0.189

0.275

−0.028

Below
0.055

0.112

0.189

0.056

0.101

0.047

−0.094

0.006

0.038

Nawada

−1.044

0.209

−0.002

0.079

Flood Districts (EC+D)

−0.021

0.232

0.002

0.057

Drought Districts (J+N)

−0.259

0.067

−0.049

0.08

Jehanabad

above-normal category. The HSSs are presented in a similar way in Table 4, providing an overall measure
of how well the three categories are discriminated by the forecasts. Except for Nawada, all districts have
positive HSS for both Weeks 1 and 2. The HSS is higher for flood districts compared to the drought districts
for both lead times.
The temporal behavior of the forecasts is illustrated in Figure 12 for the case of Darbhanga by plotting the
Darbhanga observed percentile for each target week, annotated with the forecast probabilities for the dominant forecast category. A general correspondence is visible between the observed category (line graph) and
the dominant forecast category (boxes) for both Weeks 1 and 2 forecasts. It is also clear that the forecast
probabilities are generally moderate and do not exceed 60%.
To summarize the skill evaluation of the 17 real-time district-level forecasts, the forecasts were generally
skillful according to both scores. Performance was better over the flood-prone districts in the north than for
the drought-prone southern districts, and the skill of Week 1 forecasts is clearly better than for Week 2. In
addition, forecast performance was higher for the below-normal category than for above-normal rainfall.
The sample size is small making it difficult to interpret physically the higher skill in the north and for the
below-normal category, although the former is also reflected in the Week 1 hindcast Spearman correlations
in Figure 4.
To help interpret these generally successful Weeks 1 and 2 rainfall forecasts physically, Figure 13 shows the
CFSv2 ensemble-mean forecasts of the MJO index initialized on 20 June and 4 July 2018, along with the
corresponding observed MJO index. These two start dates precede the delayed onset of the monsoon over
Bihar and the subsequent monsoon break over Bihar, respectively, seen in Figures 6 and 12, and which were
discussed in section 4.1 in terms of the MJO observed evolution. The simulated MJO indices were computed
from the CFSv2 forecast fields using the method described in Vitart et al. (2017) and were obtained from the
S2S database.
The forecast from 20 June was initialized during Moderate MJO Phase 1 conditions. The forecast tracks
the Observed Phases 1 to 2 eastward progression quite well during the first 10 days, with subsequent weakening around 1 July well captured (Figures 13a and 13c). The main discrepancy is a roughly half-phase
westward shift in the forecast MJO phase, also present at Day 1. The forecast from 4 July was initialized
during inactive MJO conditions, with the observed evolution gaining significant amplitude (i.e., emerging
Table 4
Heidke Skill Score of the 17 Real-Time Forecasts From Forecasts Made Every
Week From 7 June to 27 September 2018
Week1
East Champaran

0.299

0.068

Darbhanga

0.476

0.255

Jehanabad

0.123

0.161

−0.054

−0.026

Flood Districts (EC+D)

0.387

0.161

Drought Districts (J+N)

0.034

0.068

Nawada

ROBERTSON ET AL.

Week2

13,871

Journal of Geophysical Research: Atmospheres

10.1029/2019JD031374

Figure 12. Darbhanga time series of observed weekly rainfall percentile (ordinate) for each forecast target week
(abscissa). The forecast probabilities for the dominant forecast categories are given in the boxes, along with the
dominant category: B = below normal (yellow), N = near normal (gray), and A = above normal (green). The upper box
in each case refers to the Week 1 forecast and the lower box to Week 2.

from the unit-circle) in Phase 4 on 8 July and then propagating eastward with large amplitude into Phase
5 (12 July) and Phase 6 (19 July) (Figure 13d). The forecast evolution evolves in Phase 5 during the first
20 days, reaching Phase 6 with large amplitude around 23 July (Figure 13b). The main discrepancy is the
slower and weaker forecast MJO evolution. Nonetheless, in both cases, the model succeeds in capturing the
overall observed MJO evolution during the first 2 weeks of the forecast, lending weight to the expectation
that the MJO/monsoonal intraseasonal oscillation is a source of predictability in the Bihar rainfall forecasts.

5. Summary and Conclusions
This paper has presented a pilot exercise to develop subseasonal rainfall forecasts to inform agriculture
in Bihar and to implement them in real time every week. The forecasts were based on dynamical model
precipitation forecasts from the NCEP CFSv2, calibrated with IMD observations on a 1◦ spatial grid. Weekly
rainfall totals were used as the forecast target variable throughout the 2018 summer monsoon season. The
forecasts were calibrated using pattern regression based on CCA and issued in terms of probabilities for
the below-normal, near-normal, and above-normal tercile categories. The leading CCA modes (Figure 3)
depict large-scale weekly precipitation patterns with hallmarks of the monsoonal intraseasonal oscillation.
Forecast skill over Bihar is shown to be highest during the first 2 weeks, with some skill for the Weeks 3 and
4 period (Days 17–30) (Figure 4). The model skill is also shown to be large scale and to extend well beyond
Bihar (Figure 5). During 2018, monsoon onset over Bihar was delayed by over 2 weeks until 25 and 26 June,
compared to the climatological average of 10 June (Figure 6). The delayed onset dry conditions in the second
half of June were quite well captured by the forecasts at 1–2 week lead, in terms of enhanced probabilities
of below-normal rainfall (Figures 9 and 10), as was the subsequent onset (Tables 1 and 2). The onset in late
June coincided with a weak-moderate MJO event with a consistent phase relationship with Bihar rainfall
and which was shown to be quite well forecast by the CFSv2 model (Figure 13). The subsequent mid-July
dry conditions (Figure 6) were also captured in the forecasts (Figure 12) and interpreted in terms of observed
and forecasted MJO Phase 5 (Figure 13).
An evaluation of the skill of the 17 real-time forecasts issued during the monsoon season was undertaken by
calculating the HSS to provide an overall measure of the number of hits for the forecast category assigned the
highest probability. Three of the four districts exhibit positive HSS at both Weeks 1 and 2 leads, with higher
values in the northern flood-prone districts (Table 4). The BSS shows is also generally positive, and in addition indicates better skill for the below-normal category (Table 3). Interpretation of these skill differences is
not attempted given the small sample size of only 17 forecasts.
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Figure 13. Forecasted MJO bivariate RMM index from CFSv2 initialized on (a) 20 June and (b) 4 July 2018. Each
color-coded dot indicates the 16-member ensemble mean for each day of the forecast, Days 1–45. The corresponding
observed Wheeler-Hendon index (Figure 7) evolutions are plotted below in (c) and (d).

This paper has demonstrated a methodology for generating calibrated weekly forecasts of rainfall for districts
in Bihar, India, based on publicly available global S2S forecast model output, and shown that the resulting
forecasts do have some skill during the first 2 weeks, although the issued forecast probabilities were not very
“sharp”, ranging between 33% and 55% for the dominant tercile category. The forecasts were communicated
to subsets of farmers within the target districts using text messages. For example, the forecast for East Champaran and Darbhanga on 2 August 2018 read “The forecast for week 1 (Aug 03 - Aug 09) is for significantly
greater likelihood of above-normal rainfall (50% compared to 33%). The forecast for week 2 (Aug 10 - Aug 16)
is undecided, with equal likelihood of above-normal, near-normal or below-normal rainfall”. Work is ongoing to evaluate the benefit of the forecasts issued to the farmers during the pilot project in econometric terms,
to be reported elsewhere.
While the initial results reported here are promising, there is clearly still much to do to improve the quality,
lead time, and salience of such forecasts, including by using multiple GCM forecasts, improved calibration
methods, and forecast formats. Regarding calibration, CCA has proved to be effective method at subseasonal
ROBERTSON ET AL.
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scales for generating probabilistic forecasts, but its performance should be further tested against uncalibrated forecasts and compared against other methods such as extended logistic regression that does not
require a Gaussian assumption (Wilks, 2009; Vigaud, Robertson, Tippett, & Acharya, 2017). While CCA can
be used for statistical downscaling, we chose to generate and assess the forecasts at 1◦ resolution, which is
similar to the horizontal resolution of the CFSv2 model, and to the issue the district-level forecasts subjectively based on this relatively coarse grid. Further work will be required to assess any value added through
downscaling, but given the moderate skill levels found in the current study, this may not yet be possible.
The impact of selecting different predictor variables such as GCM winds or moisture fluxes also deserve to
be tested.
The results presented are suggestive of the importance of the MJO and closely related monsoonal intraseasonal oscillation for S2S prediction of Bihar rainfall. MJO forecast skill at lead times of 3–5 weeks is steadily
improving in S2S models (Vitart, 2017). Although the MJO phase composites of Bihar rainfall anomalies
show a relatively weak relationship on average (Figure 8), indices of BSISO and Monsoon Intraseasonal
Oscillation have been developed that should be more relevant to Bihar. In addition to the MJO as a primary
source of subseasonal predictability, research and modeling on S2S time scales is rapidly evolving (Robertson
& Vitart, 2019), with good prospects for extending the lead times of useful subseasonal forecasts over Bihar
in future.
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