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A B S T R A C T   

Study region: Ganga, Mahanadi, Godavari, Narmada, and Tapti River basins of India. 
Study focus: The manuscript focuses on improving skills of the Indian summer-monsoon precip
itation forecasts obtained from National Center for Medium-Range Weather Forecasting 
(NCMRWF) at both sub-basin and gridded scale. A well-established Bayesian Joint Probability 
(BJP) based statistical post-processing approach, operational in Australia, is used for the first time 
in India throughout diverse geographical extent. The work evaluates how the post-processor can 
be used in a summer-monsoon dominated region like India. The study informs whether annual or 
seasonal precipitation forecasts should be used as the length of data will play crucial role in both 
the cases. The spread-skill of the ensembles obtained from BJP approach and the NCMRWF is 
explored. 
New hydrological insights for the region: Introduction of the BJP-based post-processing approach in 
India could help the forecast community to implement more robust approach in improving the 
skills of the forecasts. Our results show that instead of using the data of whole year, only 
monsoonal precipitation forecasts are adequate to setup the BJP approach. The calibrated fore
casts obtained using three years of hindcast and observations data at grids and at the centroid of 
177 sub-basins are found to be more skillful. The calibrated forecasts can discriminate between 
extreme and low precipitation events, and have appropriate ensemble spread to capture precip
itation peaks. This study presents a guideline for water managers and forecasters to apply BJP 
approach to improve the forecasts.   

1. Introduction 

Rainfall exhibits high variability in magnitude, frequency and distribution across space and time (Singhal et al., 2022a; Singhal and 
Jha, 2021a). India is largely dependent on precipitation for its economic growth and sustenance. Hence, for a country like India, the 
availability of precipitation forecasts is vital. Each year, rainfall events of varying intensities cause floods in large part of the country 
during the monsoon months of June, July, August and September (JJAS), leading to numerous casualties, displacement of people and 
loss of property (Ray et al., 2021; Roxy et al., 2017). Reliable precipitation forecasts can help in issuing floods related warnings, 
effective management of water resources and consequently, inform better decision making (Singhal et al., 2022b). 
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The Quantitative Precipitation Forecasts (QPFs), which are obtained from Numerical Weather Prediction (NWP) models, are 
primary estimations of a possible precipitation event in a region a few days or weeks in advance (Ahmed et al., 2014; Froude, 2010; 
Tian et al., 2019). The deterministic QPFs obtained from the NWP models are single-valued forecasts which represent a single best 
possible state of future weather. Deterministic QPFs often contain errors since single-valued forecasts are unable to capture the un
certainty involved with weather patterns (Jha et al., 2018). On the other hand, probabilistic forecasts (with several forecast members) 
have the potential to represent multiple possible states of weather and thus, capture the weather uncertainty. However, the disad
vantage of producing ensemble forecasts using NWP models is that they are computationally very expensive when required for large 
areas and at long lead times, and also, the spread of ensemble is generally too narrow (Ramos et al., 2013; Schepen et al., 2018; 
Shrestha et al., 2015). Moreover, the raw probabilistic forecasts are unsuitable to be used since they contain inherent systematic bias 
due to uncertainty in both the assimilation and physical parameterization processes of NWP models (Buizza, 2018; Maraun et al., 2015; 
Saminathan et al., 2021). The NWP models are also influenced by the formulation, horizontal-vertical resolutions, and the initial 
conditions of the model which influences the quality of the QPFs (Bowler et al., 2008; Nipen and Stull, 2011). Therefore, it is essential 
to post-process the raw forecasts with statistical models before using them for operational purposes. 

Statistical post-processing approaches are computationally inexpensive, quick and easy to apply, and capture the weather un
certainty quite well (Shrestha et al., 2015; Verkade et al., 2013; Yagli et al., 2020). However, statistical post-processing of rainfall 
forecasts still remains a challenging task. Several statistical post-processing approaches have been developed and implemented in the 
past to improve the skill of the raw forecast, such as the analog method (Hamill and Whitaker, 2006), linear and non-linear regression 
(Clark and Hay, 2004; Verkade et al., 2013), logistic regression (Hamill et al., 2006; Medina et al., 2019; Saminathan et al., 2021), 
extended logistic regression (Roulin and Vannitsem, 2012), Bayesian theory and fuzzy probability (Cai et al., 2019), ensemble model 
output statistics (EMOS) approach (Gneiting et al., 2005; Li et al., 2019), and copula-based post-processing techniques (Li et al., 2021). 
However, problems arising due to the irregular nature of precipitation, large values of zero rainfall, reduction of forecast skill with the 
increase in lead times and seasonal variations in rainfall patterns need to be addressed. 

An approach based on joint probability of forecasts and long historical observations has been developed, which has gained credible 
recognition in the field of statistical post-processing. The basic aim of this approach is to produce calibrated forecasts by establishing a 
joint probability distribution between forecasts (as predictors) and the observation data (as predictands) (Robertson et al., 2013; Wang 
et al., 2009). Previous studies suggest that the joint probability based distribution approaches offer advantage over the other 
post-processing approaches (Li et al., 2017). However, to the best of our knowledge, the potential of this approach to obtain calibrated 
forecasts is yet to be explored over India. More recent analysis suggests that neglecting rainfall seasonality in post-processing methods 
can produce forecasts that contain seasonal biases and display poorer skill (Wang et al., 2019). In India, the strong seasonality of 
precipitation due to the monsoon adds an additional challenge to the post-processing of rainfall. Many previous applications of 
post-processing methods, where short records of NWP is used, neglect the effects of rainfall seasonality (Shrestha et al., 2016). 
However, in case where the forecast data is available only for a small period, it becomes a very interesting and challenging exercise to 
check if a post-processor can still improve the forecasts. The Bayesian modelling based post-processing approaches have been 
demonstrated to successfully generate skillful forecasts with shorter records of data. For instance, (Robertson et al., 2013) used the 
rainfall post-processing approach over Murray-Darling basin, Australia to obtain calibrated forecasts using 20 months of data. Shrestha 
et al. (2015) used 21 months of data to produce calibrated forecasts for different catchments of Australia. Jha et al. (2018) used 3 years 
of data for obtaining calibrated forecasts for a Canadian basin. Hence, the RPP model used in this manuscript has already been proven 
to be effective in producing skillful forecasts by obtaining parameters even from shorter data records. Moreover, the results presented 
in the manuscript incorporated sampling variability while computing the verification measures. This is done by applying boot
strapping approach with 5000 times sampling of the data records, while calculating the uncertainties. This gives a confidence about the 
robustness of the calibrated forecasts and justifies its ability to calibrate forecasts from operational agencies. 

This study sets up the Bayesian Joint Probability (BJP) model-based rainfall post-processing approach developed by Robertson 
et al., (2013) over five major river basins of India. The main aim of the study is to post-process the deterministic raw QPFs obtained 
from the National Centre for Medium-Range Weather Forecasting (NCMRWF) to produce ensembles calibrated QPFs for five daily 
lead-times at sub-basin scale. The study has also been extended to establish the RPP model using the gridded NCMRWF forecasts. 
Applying RPP at the grid-scale helps us to understand the influence of spatial resolution, data length and lead times on the performance 
of the model. 

NCMRWF is the national weather forecast center of India which performs medium-range global assimilation and rainfall forecasts 
in real-time at the spatial scale of 0.18◦ × 0.12◦. The calibrated QPFs are subsequently verified with the satellite-derived Integrated 
Multi-satellite Retrievals for Global Precipitation Measurement (IMERG) precipitation product (Das et al., 2022; Kumar Singh et al., 
2019; Li et al., 2018; Prakash et al., 2018). Prior to post-processing, the historical IMERG rainfall are interpolated to same spatial scale 
as the NCMRWF forecasts which is 0.18◦× 0.12◦. For the application of RPP on sub-basin level, the forecasts and observation data are 
interpolated to the centroid of each of the 177 sub-basins following the sub-basin average method. Two experiments are performed at 
each sub-basin and gridded level to evaluate the performance of the approach in incorporating the seasonal behavior of rainfall in 
India. In the first experiment, we apply the post-processor to calibrate the annual precipitation forecasts containing both the dry and 
wet season (dry season mostly contains zero rainfall), while in the second experiment, we focus on calibrating the forecasts of the wet 
season (JJAS) alone. Please note that although the input data provided to the model is annual, we extract and present the results for the 
monsoon season only. The study is important as it provides a reliable avenue to obtain daily calibrated QPFs both at the sub-basin and 
the gridded scale which can help in streamflow forecasting, flood warning, agro-met advisories and other related decision-making. 

The specific objectives of the study are: (1) to set up a BJP model-based post-processing approach over the five river basins of India 
to produce sub-basin averaged calibrated QPFs at 5-day lead times; (2) to assess the performance of the post-processing approach in 
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producing the annual calibrated QPFs (ACQ) using the corresponding raw deterministic forecast; (3) to evaluate the performance of 
post-processing in producing seasonal calibrated QPFs (SCQ) using the corresponding raw deterministic forecast; (4) to investigate the 
quality of the forecasts at varying rainfall intensities for both ACQ and SCQ; (5) to investigate the potential of calibrated QPFs to 
reliably discriminate the precipitation events (and non-events) for both ACQ and SCQ; (6) to extend the study to gridded level and 
evaluate the gridded calibrated QPFs based on accuracy and skill of the forecasts; (7) to examine the accuracy and spread of the post- 
processed ensemble forecasts by comparing them to the available perturbed ensemble forecasts from NCMRWF for both ACQ and SCQ. 

The remainder of the paper is structured as follows. Section 2 describes the details related to the study area and datasets. Section 3 
describes the methodology implemented to post-process the precipitation forecasts. Section 4 presents the results of post-processing 
along with their evaluation. Section 5 discusses the results, and Section 6 deals with conclusions and the future scope of this study. 

Fig. 1. Location of the five major River basins of India selected for this study.  
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2. Study area and datasets 

2.1. Study area 

The study area includes five major river basins of India which are Ganga, Godavari, Mahanadi, Narmada, and Tapti as depicted in  
Fig. 1. These rivers cover approximately 60 % of the total geographical area of India and contribute to the major water availability in 
the country. The Ganga River originates in the high elevation region of Uttarakhand and confluences into the Bay of Bengal in the east 
with elevation reaching up to 7000 m. The river makes the northern part of India a highly fertile zone, due to which agriculture 
becomes the predominant source of livelihood for most of the population. Further, the Narmada, Tapti and Mahanadi basins are 
located in the central part of the country having lower elevation ranges while the Godavari River basin is located in peninsular India 
characterized by some areas of higher elevation. The basins receive most of the precipitation during the Indian summer monsoon 
season (Singh and Jha, 2021). Previous studies suggest that frequencies of higher magnitude precipitation in the region are increasing 
(Ghosh et al., 2012; Guhathakurta and Revadekar, 2017) which have led to frequent floods (Lakshmi et al., 2019). The distribution of 
the 177 sub-basins are as follows: Ganga comprises of the maximum sub-basins (88), followed by Godavari (50), Mahanadi (20), Tapti 
(10) and Narmada (9). More details about the various river basins are presented in Table 1. 

2.2. Datasets 

The deterministic precipitation forecast obtained from NCMRWF and satellite-derived data from IMERG are used in this study. The 
QPF from NCMRWF is used at the daily temporal resolution, available at lead times of 1–5 days, while the spatial resolution of the data 
is 0.18◦ x 0.12◦. Moreover, IMERG-V6 dataset is currently available at a spatial resolution of 0.1◦ x 0.1◦ and a half-hour temporal 
resolution. Both the observation and forecast datasets are used over a time period of July 2018 to September 2021. More details of the 
datasets are provided in Table 2. The half-hour period 3IMERGHH data is aggregated to obtain the daily data and upscaled to the same 
resolution as NCMRWF i.e., 0.18◦ x 0.12◦. Previous studies have found that upscaling of rainfall datasets do not significantly influence 
their characteristics or lead to possible loss of information due to the change in resolution (Imhoff et al., 2020; Nicótina et al., 2008). 
The final data set for the observed rainfall contains 101 (points in x-direction) × 142 (points in y-direction) with a total of 14,342 grids 
over the domain. Further, both the datasets are interpolated at the centroid of each sub-basin following the weighted area-average 
method (Singh et al., 2021; Singhal and Jha, 2021b). Consequently, a time series of rainfall at each sub-basin is obtained after 
interpolation. We also use the available perturbed ensemble forecasts from NCMRWF (which comprises 11 ensemble members) for 
comparison with the post-processing-generated forecast. 

3. Methods 

In this section, we first provide a brief description of the post-processing approach, followed by the utilization of the Schaake 
Shuffle technique and details about the metrics to verify the calibrated QPFs. Please note that each of the steps involved here is applied 
to obtain both the ACQ and SCQ in this study. 

3.1. The post-processing approaches 

The post-processing approach, developed by Robertson et al., (2013), is a BJP model-based statistical rainfall post-processor that 
establishes a joint probability distribution between the raw QPFs and the corresponding observation data to produce calibrated QPFs. 
The working principle of the post-processing approach is based on three steps: (1) transform the non-normal distribution of the 
precipitation data (forecast and observation) into a bivariate normal distribution using the log-sinh transformation (Eqs. 1 and 2); (2) 
infer the relevant parameters to model the joint probability of raw QPFs and observations which maximizes the likelihood of posterior 
parameter distribution and (3) back-transform the forecast values to their original space. 

x ˆfcst =
1

βfcst

(
sinh

(
αfcst + βfcst.x

) )
(1)  

yôbs =
1

βobs
(sinh(αobs + βobs.y) ) (2) 

Table 1 
Details of the basins and its sub-basins present in the study area.  

Basin No. of Sub-Basins Total Area Coverage (km2) Sub-basin with minimum Area (km2) Sub-basin with Maximum Area (km2) 

Ganga  88 1086,000  20.4 68,436.5 
Mahanadi  20 1,41,589  238.1 23,014.1 
Godavari  50 3,12,812  69.5 51,574.2 
Narmada  9 97,410  4214.2 33,757.4 
Tapti  10 65,145  1231.7 18,631.1  
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where (x ˆfcst,yôbs) represent the forecast and observation in transformed space. The parameters involved in this transformation are 
represented by (αfcst , βfcst) and (αobs, βobs) for the forecast and observation, respectively. 

After transformation, (x ˆfcst,yôbs) is assumed to follow a bivariate normal distribution given as: 
[

x ˆfcst
yôbs

]

∼ N(μ,Σ)

p
(
x ˆfcst, yôbs

)
∼ N(μ,Σ)

where Σand μ are defined as: 

μ =

[
μx ˆfcst

μy ˆobs

]

Σ =

⎡

⎣
σ2

x ˆfcst
ρx ˆfcst

ρy ˆobs
σx ˆfcst σy ˆobs

ρx ˆfcst
ρy ˆobs

σx ˆfcst σy ˆobs σ2
y ˆobs

⎤

⎦

(μx ˆfcst
, σ2

x ˆfcst
) and (μyôbs

, σ2
yôbs ) represent the mean and standard deviation of the observation and forecast, respectively, and ρx ˆfcst ,

ρyôbs
is 

the correlation coefficient between x ˆfcst and yôbs. The set of nine parameters used in modelling the joint distribution is the following: 

S =
(

αfcst, βfcst, μx ˆfcst
, σ2

x ˆfcst
,αobs, βobs, μy ˆobs

, σ2
y ˆobs , ρx ˆfcst

ρy ˆobs

)

The set of nine parameters is estimated using the Shuffled Complex Evolution Algorithm (Duan et al., 1994) based on maximizing 
the likelihood of the posterior distribution. Once the parameters are estimated, the bivariate normal distribution conditioned on the 
raw QPFs is used to estimate the forecasts. The forecast ensembles generation is done by randomly sampling from the conditional 
distribution. The back-transformation of the forecast values is done by using the inverse of x̂_fcst and ŷ_obs (inverse of Eqs. 1 and 2). 

3.2. Cross-validation of calibrated forecasts 

In order to evaluate the performance of the post-processor, we adopt a leave-one-month-out cross-validation procedure. In this 
procedure, the data, except for the left-out month, is used to estimate the parameters of the BJP model. Using the estimated parameters, 
the precipitation for all the days of the “left-out” month is estimated and verified with the corresponding observation data. The 
procedure is repeated until all the available raw QPFs are calibrated. 

3.3. Schaake shuffle 

The Schaake Shuffle is a technique that is applied to regain spatial co-variability (between neighboring locations) and temporal 
persistence (in predicted precipitation) that are lost during the post-processing of data from the NWP models (Schaake et al., 2007). 
The steps involved in Schaake Shuffle are as follows: - (i) a forecast date is chosen, and a sample of observation data is selected. The 
observation sample and the ensemble have the same size selected from an observation period in the past; (ii) the observation sample 
chosen above in Step 1 is ranked (in ascending order). The ranking procedure is repeated similarly for the ensemble forecast data; (iii) a 
date is chosen from the sample dataset of the observations. Subsequently, the ranks of the observation sample are identified; (iv) from 
the ensemble set of the forecasts, a forecast having the same rank as that of the selected observations is chosen, and (v) the steps 3–4 are 
repeated for all ensemble members. 

3.4. Verification measures 

In this study, we use various measures to verify the efficacy of the post-processing method. The measures used are Bias Percentage 

Table 2 
Description of precipitation datasets used in the study.  

Data Type Data 
Source 

Ensembles Time Period Lead 
Time 

Temporal 
resolution 

Spatial 
resolution 

Forecast hours 

ACQ SCQ 

Forecast NCMRWF Control forecast July 2018- 
Sep 2021 

2019–2021 
(JJAS) 

5 days daily 0.18◦ x 0.12◦ UTC 00:00:00, 
12:00:00 

Forecast NCMRWF Perturbed forecast 
(11 members) 

2019–2021 (JJAS) 5 days daily 0.18◦ x 0.12◦ UTC 00:00:00, 
12:00:00 

Observation* IMERG GPM satellite 
retrievals 

July 2018-Sep 2021 – daily 0.18◦ x 0.12◦ – 

*The original spatial resolution of IMERG (0.1◦ x 0.1◦) is upscaled to 0.18◦ x 0.12◦ for this study. 
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(Bias %), Continuous Rank Probability Score (CRPS), Root Mean Square Error (RMSE), Nash-Sutcliffe efficiency (NSE), Relative 
Operating Characteristic (ROC) and the spread-skill analysis. 

3.4.1. Bias percentage (Bias %) 
Bias calculates the difference between the mean of the ensemble precipitation forecasts and the mean of the observations. Bias ( %) 

is defined as the percentage deviation of the mean of calibrated forecasts from the observations, as shown in Eq. (3). 

BIAS% =

∑t
1Fxfcst (t) −

∑t
1Fyobs (t)∑t

1Fyobs (t)
∗ 100 (3) 

Here xfcst could either be raw xrawfcst or post-processed forecasts xfcst, and yobs represents observation. 

3.4.2. Continuous rank probability score (CRPS) 
The CRPS compares the cumulative distribution function (CDF) of the forecast (Fxfcst ) with the corresponding CDF of the observation 

(Fyobs ). 

CRPS =

∫ ∞

− ∞

(
Fxfcst (t) − Fyobs (t)

)2dt (4) 

CRPS reduces to mean absolute error for deterministic QPFs and allows efficient comparison between ensemble and deterministic 
forecasts. Smaller values of CRPS are favorable (closer to zero), meaning that the forecasts are accurate and vice versa. 

3.4.3. Root mean square error (RMSE) 
RMSE gives the standard deviation of the model prediction error and a smaller RMSE value indicates better performance of the 

presented model. 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(Fxfcst (t) − Fyobs (t))

2

√

(5) 

Here xfcst could either be raw xrawfcst or post-processed forecasts xfcst. 

3.4.4. Nash-Sutcliffe efficiency (NSE) 
The NSE is a normalized statistics that determines the relative magnitude of the residual variance (noise) compared to the measured 

variance. 

NSE = 1 −

[∑t
1(Fyobs (t) − Fxfcst (t))
(Fxfcst (t) − Fyobs (t))

]

(6) 

ŷobs is the true mean of observation. NSE ranges from -Inf to 1 and values equal to 1 indicates a perfect match of the forecast to the 
observed data. NSE = 0, indicates that the model predictions are as accurate as the mean of the observed data, -Inf < NSE < 0, indicates 
that the observed mean is better predictor than the model. 

3.4.5. Relative operating characteristic (ROC) 
ROC curves are used to evaluate the ability of a forecasting method to distinguish between events and non-events, and plot the hit 

rate against the false alarm rate. The hit rate refers to the probability of a forecast to detect events that exceed a predefined precip
itation threshold, while the false alarm rate refers to the probability of a forecast predicting erroneous events (Robbins and Titley, 
2018). For a skillful calibrated forecast, hit rates are expected to exceed the false-alarm rates and the ROC curves are closer to the 
top-left corner of the plot. On the other hand, the detecting ability of the forecast is considered low when the ROC curves are closer to 
the diagonal. The Area Under Curve (AUC) is calculated for each ROC curve to distinguish the measure of separability. The AUC is 
expected to be higher than 0.6 for better distinguishing separate events. 

3.4.6. Spread-skill analysis 
The aim of the spread-skill analysis is to compare the spread in forecast ensembles with the forecast error (Nester et al., 2012). The 

forecast error is defined as the difference between the observations and the ensemble mean. In this study, we perform the spread-skill 
analysis between the available 11 forecast members of the perturbed NCMRWF and the 300 generated members of ACQ and SCQ, 
arranging them in increasing order, followed by their grouping into ten bins. Consequently, the average ensemble spread and forecast 
error from each bin is plotted. 

3.5. Implementation of RPP 

In this study, we apply RPP to obtain the calibrated QPFs over the Indian River Basins at two spatial scales, i.e., at the centroids of 
each sub-basin and at each individual grids. To this end, we analyse the performance of the RPP to post-process monsoonal precip
itation using two experiments at each of the two spatial scales. First, using the annual data producing ACQ and second with seasonal 
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data producing SCQ for both the gridded and sub-basin averaged precipitation. The annual run used sub-basin averaged forecast and 
observation precipitation at each sub-basins for a period of 39 months from July 2018 to September 2021, whereas for seasonal run of 
RPP, monsoon season (June, July, August, and September) data of year 2019–2021 is used. For validation, a leave-one-month-out 
cross- validation strategy is applied as the data record used is of smaller time period. Specifically, one month data is left for valida
tion while data from other months are used for parameter estimation and optimization. Once the parameters are obtained, the left one- 
month data is used to produce calibrated forecasts with 300 ensemble members. This is repeated for the five lead times of the NCMRWF 
forecast data at each sub-basins of the study area. It is noteworthy that the annual experiment uses annual data producing ACQ, 
however for better comparison with SCQ we extract and present the results for monsoon season only. The RPP calibrated QPFs at the 
sub-basin scale are evaluated using the measures of bias percentage and CRPS. The discriminating ability of the calibrated QPFs are 
investigated in terms of hit rate and false alarm rate using a precipitation threshold of 5 mm. Finally, the spread skill of the calibrated 
ensemble forecasts is analyzed with respect to the available perturbed ensemble forecast from NCMRWF. Each of the mentioned 
evaluations is undertaken for both ACQ and SCQ at the lead times of 1-day, 3-day and 5 days. The RPP calibrated QPFs at the grid scale 
are evaluated using bias percentage and CRPS. 

Fig. 2. Spatial plots of the sub-basin averaged bias percentage of raw QPFs (a1 to a3), Post-processed QPFs through SBA_RPP (b1 to c3) of daily 
precipitation including lead time day-1, day-3, and day-5 for the five river basins of Ganga, Mahanadi, Godavari, Narmada, and Tapti. 
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Fig. 3. Sub-basin averaged bias ( %) with 5 % and 95 % confidence interval (shaded region) for raw QPFs (red), Post-processed QPFs for ACQ 
(green), and SCQ (violet) through gridded RPP to SBA and SBA_RPP for lead times day-1, day-3, and day-5 for the river basins Godavari 
and Narmada. 
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4. Results 

4.1. Evaluation of the calibrated QPFs at the sub-basin scale 

Here, the performance of the calibrated forecasts in each sub-basin (ACQ and SCQ) is evaluated using the measures of bias percent 
and CRPS at lead times of 1-day, 3-day and 5 days. Please note that the evaluation presented is for the monsoon season only in both 
cases of ACQ and SCQ. 

4.1.1. Evaluation using percentage bias 
Fig. 2 shows the spatial plot of sub-basin averaged bias percent of the raw QPF (a1-a3), ACQ (b1-b3) and SCQ (c1-c3) at lead times 

of 1-day, 3-day and 5-days for all the 177 sub-basins. We observe high spatial variability in the bias% of the raw deterministic forecast 
as depicted in Fig. 2 (a1-a3). The range of bias is also large with it ranging between − 95 to 300. Moreover, we find greater variability 
among the sub-basins of the Ganga River, western Tapti, and western Godavari basins as opposed to the sub-basins of other areas in all 
three lead times. Large bias over these sub-basins could be attributed to the presence of mountainous regions, orographic influence, 
complex topography and frequent events of extreme precipitation. Further, results suggest that the ACQ obtained after post-processing 

Fig. 4. Spatial plots of the sub-basin averaged CRPS (mm day− 1) of raw QPFs, Post-processed QPFs through RPP of ACQ and SCQ including lead 
time day-1, day-3, and day-5 for five river basins of Ganga, Mahanadi, Godavari, Narmada, and Tapti. 
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the raw annual QPF shows improvement in the bias percent as depicted in Fig. 2 (b1-b3). For the majority of the sub-basins, the bias 
values have decreased (− 20 to 20) as compared to the bias of raw QPF (− 95–300). In the case of ACQ, the bias % throughout the sub- 
basins shows overestimation of precipitation values mostly in Ganga and Mahanadi basins with bias 5–10% and under estimation in all 

Fig. 5. Sub-basin averaged CRPS (mm day− 1) with 5 % and 95 % confidence interval (shaded region) for raw QPFs (red), post-processed QPFs from 
ACQ (green) and SCQ (violet) for the lead times day-1, day-3, and day-5 for the river basins Godavari and Narmada. 
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other sub-basins with bias less than − 3 %. Furthermore, in the case of SCQ, we observe a significant reduction in the bias percent as 
shown in Fig. 2 (c1-c3). The SCQs show better performance in all three lead times; however, we find very few sub-basins showing 
overestimation of the values at lead times 3-day and 5-day. Furthermore, the majority of the sub-basins show bias in the narrow range 
of − 5–5 which means that calibration of the raw forecast using seasonal data performs better than the calibration using annual data. 
Moreover, this also suggests that the quality of the calibrated QPF depends upon the length of data and not necessarily on the location 
and size of the area under study. 

Fig. 3 shows the bias plots of the raw deterministic QPF, ACQ and SCQ at the lead times of 1-day, 3-day and 5-day for the Godavari 
(larger basin) and Narmada (smaller basin) at 5 % and 95 % confidence intervals. In both the basins, we observe that the post- 
processing approach is well able to reduce the bias in the raw QPF. Specifically, in the case of Godavari (Fig. 3; a1-a3), we see that 
the bias in raw QPF has a large range between the positive and negative values in all three lead times. From the calibrated results, we 
observe that the performance of both ACQ and SCQ improves the quality of QPFs. SCQ shows a relatively straight line originating near 
the zero bias mark and running as a straight line parallel to the x-axis, denoting stable and skillful generation of forecast across all the 
fifty sub-basins. Similar observations can be made for all three lead times. In contrast, the ACQ performs better than the raw QPF; 
however, the results are slightly underestimated compared to the SCQ. The 5 % and 95 % confidence intervals around both ACQ and 
SCQ show a decrease when compared to that of the raw QPF (hence a narrow-shaded area). Furthermore, in the case of Narmada 
(Fig. 3; b1-b3), we observe nearly similar results to those observed for the Godavari basin. The raw QPF varies within a large range of 
positive and negative values which slightly increases with the increase in lead times. Compared to the Godavari basin, the ACQ of the 
Narmada performs better (less biased, more stable); however, it is still underestimated when compared to the ACQ. Overall, results 
from both the river basins suggest that the bias becomes least in SCQ which is followed by ACQ. 

4.1.2. Evaluation using CRPS 
The CRPSs are estimated based on the 300 ensemble members generated using the post-processing approach for both annual and 

seasonal calibrated QPFs. Fig. 4 shows the spatial plot of sub-basin averaged CRPS of the raw QPF (a1-a3), ACQ (b1-b3) and SCQ (c1- 
c3) at lead times of 1-day, 3-day and 5 days for all the 177 sub-basins. Results show that, in the case of raw QPF, the CRPSs vary within 
0–40 mm for all three lead times. Higher CRPS are observed in the Godavari River basin (bottom half of the sub-basins), while in the 
majority of the other sub-basins, it ranges between 5 and 20 mm only. The finding remains the same in all three lead times with small 
variations. Further, the results show that the raw QPFs have significantly improved upon calibration in both the cases of ACQ and SCQ. 
The range of CRPS has reduced to 0–8 mm (after calibration) as opposed to 0–40 mm (before calibration), suggesting reasonable 
performance of the post-processing approach. The majority of the sub-basins are within a narrow range of 0–5 mm, while some sub- 
basins in the upper Ganga and western Godavari show a higher range of CRPS (5–8 mm). Moreover, the Fig. 4 shows that the spatial 

Fig. 6. Error statistics (RMSE (a1 to c5), Bias % (d1 to f5), and NSE (g1 to i5)) showing effect of post-processing on precipitation of different 
intensity (threshold 0, 5, 10, 15, and 20 mm per day) presented for lead time day-1 with raw QPF (1st column), ACQ (2nd column) and SCQ 
(3rd column). 
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variability of CRPS of ACQ and SCQ are almost similar which is contrary to the results observed using bias percentage. 
Fig. 5 shows the CRPS plots of the raw deterministic QPF along with ACQ and SCQ at the lead times of 1-day, 3-day and 5-days for 

the Godavari and Narmada River basins at 5 % and 95 % confidence intervals. Visual inspection suggests that the post-processing 
approach is successful in reducing the CRPS in both the basins for both ACQ and SCQ. Specifically, in the Godavari basin (Fig. 5; 
a1-a3), we find that the CRPS of raw QPF fluctuates between 7 and 35 mm among the sub-basins. The results show that the CRPS has 
significantly reduced, in the case of both ACQ and SCQ, upon post-processing of the raw QPF. Moreover, the plots of ACQ and SCQ are 
less differentiated and are located within close proximity; however, we find that SCQ performs slightly better than ACQ in all three lead 
times. Furthermore, in the case of Narmada (Fig. 5; b1-b3), we observe similar results as the calibrated QPFs perform reasonably well 
as compared to the raw QPF. The CRPS of the raw QPF is in higher range (8 − 15 mm) while the calibrated QPFs (ACQ and SCQ) are 
observed in a narrow range of 2–5 mm. Similar to the observation in the case of the Godavari basin, the post-processing approach 
shows comparable CRPS between ACQ and SCQ; however, the performance of SCQ is slightly better for all the sub-basins of the 
Narmada River. 

4.2. Evaluation of QPFs at varying intensities 

In this section, the performance of the calibrated forecasts (ACQ and SCQ) is evaluated at varying intensities at each sub-basin using 
the multiple error statistics such as RMSE, Bias %, and NSE at lead times of 1-day, 3-day and 5 days. The thresholds (T) of varying 
intensities are taken by carefully studying the daily sub-basin averaged observation data for the selected time period. To keep around 
10 %, 15 % and 25 % data values above the higher thresholds, T = 10 mm, T = 15 mm, and T = 20 mm per day are selected 
respectively. According to that, the precipitation values are equally divided by taking five threshold values of T = 0 mm, T = 5 mm, 
T = 10 mm, T = 15 mm, and T = 20 mm per day. Fig. 6 presents the spatial plots of error statistics calculated for sub-basin averaged 
raw forecast from NCMRWF and QPFs from ACQ and SCQ in comparison with observation (IMERG) at each sub-basin using the T- 
values. For convenience, the results are presented for precipitation of lead time day 1 at the five river basins of Ganga, Godavari, 
Mahanadi, Narmada and Tapti. In Fig. 9 (a1 to a5, b1 to b5, and c1 to c5) presents RMSE calculated with observation for raw forecasts, 
ACQ, and SCQ at T = 0 mm, T = 5 mm, T = 10 mm, T = 15 mm, and T = 20 mm per day respectively. Similarly, results for Bias % and 
NSE are presented in the next six columns (d1 to i5) of the figure. The collective understanding of Fig. 9 shows that the values from 
each error statics increases with increasing intensity of rainfall. Fig. 6 (a1 to a5) shows increasing RMSE values with increasing in
tensity of the precipitation and varies between 20 and 70 mm/day. The RMSE presented for ACQ (Fig. 6 b1 to b5) and SCQ (Fig. 6 c1 to 
c5) show lower RMSE values ranging from 0 to 40 mm/day, increasing with higher intensities. Furthermore, the bias % values of raw 
forecast show increased negative bias with increasing intensities of rainfall (Fig. 6 d1 to d5). The calibrated QPFs from both ACQ and 
SCQ show underestimation of the precipitation values at higher intensities (Fig. 6 e1 to f5). Similarly, NSE also supports that the ACQ 
and SCQ calibrated QPFs are underestimated at higher intensities of precipitation. 

Fig. 9. The spread-skill analysis plot for monsoon season data for the NCMRWF ensemble forecast, ACQ, and SCQ run of RPP QPFs for lead time day 
1, day-3, and day-5 for all the sub-basin. 
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4.3. Evaluation of the discriminating ability of the calibrated QPFs 

In this section, we use the ROC plots to evaluate the ability of the calibrated QPFs to discriminate the precipitation events among 
the different sizes of the sub-basin. The sizes of the sub-basins depend upon the smallest, moderate, and largest area in the respective 
river basins of Godavari, Mahanadi, Narmada, Tapti and Ganga. Precipitation of more than 80th percentile (for each sub-basin 
averaged daily precipitation) is selected as the threshold for both annual and seasonal calibration at the lead times of 1, 3 and 5 days. 

Fig. 7 and Fig. 8 show the ROC curves for the calibrated QPFs (for events of precipitation greater than 80th percentile for each sub- 
basin) to produce ACQs and SCQs, respectively. The figures show that the post-processed forecasts can discriminate between the events 
and non-events in most sub-basins. In both the cases of ACQ (Fig. 7) and SCQ (Fig. 8), we observe that the ROC curves are closer to the 
top-left corner of the plot for the lead time 1, thus indicating a good ability of forecasts to discriminate between precipitation events. 
However, as the lead time increases, the curves begin to move towards the diagonal, thus representing a lower discriminating ability of 
lead timeat 3-day and 5-day when the daily precipitation is more than 80th percentile. For instance, in Fig. 7 (b1), we find that the 
curve of lead time 1 is closer to the top-left corner of the plot (denoting a higher hit rate than false alarm rate) while the curves of the 
other two lead times are closer to the diagonal. In terms of AUC too, the value for the first lead time is found to be highest (0.795) 
followed by the second (AUC = 0.727) and third lead time (AUC = 0.657). Similar inference can be drawn for other basins, for instance, 
in Fig. 7 (e3), where the curve for the lead time 1-day in large-sized sub-basin of Ganga signifies a larger probability of hit rate while the 
other two lead times have a lower probability (larger probability of false alarm). Fig. 8 presents the ROC curves and AUC values from 
SCQ which depicts results similar to the ACQ. Furthermore, we observe that the temporal length of data used to set up the model has no 
significant influence over the discriminating ability of the forecast lead times since it remains largely the same for both ACQ and SCQ. 

4.4. Spread-skill analysis of the ensemble QPFs 

In this section, we compare the spread-skill of the model generated 300 ensemble members of ACQ and SCQ with the available 
perturbed forecasts from NCMRWF having 11 ensemble members. Fig. 9 shows the forecast error versus spread of the ensembles for 
ACQ and SCQ along with the NCMRWF perturbed forecast for the lead times of 1-day, 3-day and 5-days. From the figure, we observe 
that the NCMRWF perturbed ensemble contain high forecast error with minimal spread. This is evident since the scatter points are 
located close to the Y-axis in all three lead times. On the other hand, the ACQ and SCQ are located along the diagonal (1:1 line) 
suggesting good agreement between the magnitude of the error and spread of ensemble. Closer inspection of the plot suggests that the 
spread skill of SCQ is comparatively better than that of the SCQ, across all three lead times. The majority of the scatter points of ACQ 
are situated to the left side of the diagonal while those of the ACQ is well coinciding with the diagonal. Overall, the results show that, 
compared to the perturbed ensemble forecasts from NCMRWF, the calibrated QPFs (ACQ and SCQ) have a significantly better spread of 

Fig. 7. Relative operating characteristic (ROC) curves presented for sub-basin averaged post-processed QPFs for events of precipitation greater than 
80th percentile for day-1 for lead time 1(red), 3 (green), and 5 (blue) days for river basins Godavari (a1-a3), Mahanadi (b1-b3), Narmada (c1-c3), 
Tapti (d1-d3), and Ganga (e1-e3) using annual dataset of July 2018 to Sep 2021. The results presented here correspond to the output of RPP run 
under ACQ. 
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ensemble along with low forecast error. Moreover, between ACQ and SCQ, the spread-skill of SCQ is higher. 

4.5. Evaluation of the calibrated QPFs at the grid-scale 

Here, the performance of the gridded calibrated forecasts (both ACQ and SCQ) in each basin is evaluated using the spatial maps, 
bias percent and CRPS at lead times of 1-day, 3-day and 5 days. Please note that the evaluation is presented only for the monsoon 
season in both the cases of ACQ and SCQ. 

4.5.1. Evaluation using spatial maps 
Fig. 10 presents the results of the calibrated QPFs in form of spatial maps at the gridded scale showing the gridded NCMRWF raw 

forecast (a1-a3), IMERG observation (b1-b3), and RPP calibrated mean QPFs from ACQ (c1 to c3) and SCQ (d1 to d3). The primary aim 
of applying the post-processing method is to bring the forecast closer to the observation. Visual inspection of Fig. 10 shows that RPP is 
capable of bringing the QPFs closer to the observation at all the basins throughout the lead times. The ACQ shows higher values at 
upper part of the Ganga basin which contains mountainous regions, whereas the SCQ calibrated forecasts shows a spatially matching 
pattern with the IMERG. The pattern of higher values of precipitation observed in the north-eastern part of Ganga basin has been 
maintained by the SCQ calibrated QPFs. The western part of the Ganga basin attributes to lower precipitation as its farther away from 
the Bay of Bengal. The similar pattern of lower precipitation is maintained in the ACQ and SCQ, which explains that RPP can manage to 
produce calibrated forecasts even using forecasts containing excessive zero values in the time series. The raw forecasts of a1 to a3 show 
overestimated values of up to 80 mm/day at some places, while IMERG ranges from 0 to 22 mm/day. The application of RPP on each 
grid through ACQ and SCQ is capable of bringing the calibrated forecasts to the same range as observation i.e., 0–22 mm/day. 

4.5.2. Evaluation using percentage bias 
Fig. 11 shows the spatial plot of gridded bias percent of the raw QPF (a1-a3), ACQ (b1-b3) and SCQ (c1-c3) at lead times of 1-day, 3- 

day and 5 days for all the five river basins. We observe high spatial variability in the bias % of the raw deterministic forecasts as seen in 
Fig. 11 (a1-a3) with bias values ranging from − 50–400 %. The upper part of the Ganga basin is showing high spatial variability if Bias 
% in comparison to the other basins. Large bias over the Northern Ganga basin could be attributed to the presence of mountainous 
regions, orographic influence, complex topography and frequent events of extreme precipitation. Further, results suggest that the ACQ 
obtained after post-processing the raw annual QPF shows improvement in the bias percent as depicted in Fig. 11 (b1-b3). For majority 
of the grids, the bias values decrease to (− 40 to 40) as compared to the bias of raw QPF (− 50–400). Furthermore, in the case of SCQ, we 
observe a significant reduction in the bias percent as shown in Fig. 11 (c1-c3). The bias for the majority of grids is in a narrow range of 
− 10–40 which means that calibration of the raw forecast using seasonal data for gridded precipitation performs better than the 
calibration using annual data. Moreover, this also suggests that the quality of the calibrated QPFs on gridded data with higher res
olution depends upon the length of data and not necessarily on the location and size of the area under study. Both ACQ and SCQ 

Fig. 8. Relative operating characteristic (ROC) curves obtained from SCQ results. ROCs are presented for sub-basin averaged post-processed QPFs 
for events of precipitation greater than 80th percentile for day-1 for lead time 1(red), 3 (green), and 5 (blue) days for river basins Godavari a1-a3), 
Mahanadi (b1-b3), Narmada (c1-c3), Tapti (d1-d3), and Ganga (e1-e3) using monsoon (JJAS) data of 2019–2021. 
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performs similarly throughout all three lead times 1-day, 3-day, and 5-day suggesting ability of the RPP-model to produce calibrated 
QPFs with less bias even at higher lead times. 

4.5.3. Evaluation using CRPS 
The CRPSs are estimated based on the 300 ensemble members generated using the post-processing approach for both the annual 

and seasonal calibrated QPFs. Fig. 12 shows the spatial plot of mean CRPS of the gridded raw QPF (a1-a3), ACQ (b1-b3) and SCQ (c1- 
c3) at lead times of 1-day, 3-day and 5 days for all the basins. For the raw NCMRWF gridded QPFs, the mean CRPS varies from 0 to 
65 mm for all three lead times. The higher raw mean CRPS values are observed in the lower Godavari basin and north eastern Ganga 
basin. Further, the results show that the raw gridded QPFs have significantly improved upon applying RPP for both ACQ and SCQ. The 
range of CRPS has reduced to 0–20 mm (after calibration) as opposed to 0–65 mm (before calibration), suggesting reasonable per
formance of the post-processing approach. Fig. 12 (b1 to b3) show increase in CRPS values with increasing lead times while SCQ 
(Fig. 12 (c1 to c3)) is showing similar variability in CRPS throughout all the three lead times of 1-day, 3-day and 5-day. Moreover, the 
Fig. 12 depicts that the SCQ calibrated gridded forecasts is performing better than the ACQ calibrated gridded forecasts. 

5. Discussion 

The rainfall post-processing approach applied in this study shows promising performance in improving the quality of the raw QPFs 
over the five river basins located across diverse landscapes in India. Results show that the approach is successfully able to reduce the 
bias in both the cases of ACQ and SCQ at both gridded and sub-basin level. The spatial plots and the line plots of the sub-basin averaged 
results suggest that the bias has significantly reduced in SCQ (close to zero) compared to ACQ. The reason for the better performance of 

Fig. 10. Spatial plots of the gridded raw QPFs, mean post-processed QPFs of ACQ and SCQ through RPP of daily precipitation including lead time 
day-1, day-3, and day-5 for the five river basins of Ganga, Mahanadi, Godavari, Narmada, and Tapti. 
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the seasonal calibrated QPF could be that NCMRWF produces better forecasts for monsoon precipitation. In India, the distribution of 
both forecast and observed precipitation data in monsoon period is very different than the non-monsoon period. Representing both 
monsoon and non-monsoon data in a single run (ACQ) is inadequate. Moreover, the calibrated QPFs also show significantly reduced 
CRPS for both ACQ and SCQ. However, the difference between the CRPSs of ACQ and SCQ is much less as opposed to the results from 
bias percentage (SCQ showed considerably less bias compared to ACQ). The CRPSs of both ACQ and SCQ are comparable when 
observed using spatial plots. However, when observed using the line plots, we find that the SCQ performs slightly better than the ACQ. 
This reiterates the fact that the post-processor is more skillful and produces reliable ensemble forecasts with seasonal rainfall data 
(having less zero rainfall values). 

Further, the ROC plots used to evaluate the ability of the calibrated QPFs to discriminate between the events (hit rate probability) 
and non-events (false alarm probability) of precipitation show that the shorter lead times (day-1) have greater ability to discriminate 
between events with respect to the longer lead times (day-3 and day-5). Moreover, we observe that the discrimination performance of 
the calibrated forecasts increases with the increase in the size of the sub-basin, which indicates that the size of the basin influences the 
performance of the calibrated QPFs. Furthermore, we observe that the discriminating ability of ACQ and SCQ are largely similar across 
the lead times and the various sub-basin size. This inference suggests that the temporal length of the data has no significant influence 
over the discriminating ability of the forecast lead times. 

Further, we analyze the spread-skill of the calibrated ensembles of both ACQ and SCQ by comparing them with the perturbed 
ensemble forecasts from NCMRWF and find that the ACQ and SCQ have considerably better ability to represent the forecast errors than 
the NCMRWF perturbed forecasts. Moreover, between ACQ and SCQ, the spread-skill of SCQ is found to be better. 

In addition to applying the RPP at the sub-basin scale, we also implemented the same at the individual grids of each basin. Upon 
analysis, we find that similar to the observations made at the sub-basin scale, RPP is well able to produce calibrated QPFs at the gridded 
scale. This suggests that the spatial scale involved in the post-processing approach have minimal role in the changes of results. 
However, we observe that the change in seasonal length of data does have a significant role to play at the gridded scale. For instance, 
the calibrated QPFs performed relatively better when only the seasonal data is provided to the model as opposed to the annual data. 
Consequently, at the gridded scale, SCQ is found to be closer to the observation compared to ACQ. One of the main reasons behind such 
an observation could be the presence of larger number of zero values in annual data compared to that of the seasonal data. Overall, 
results show that the post-processing approach is successful in preserving the spatial variation in calibrated QPFs from both annual and 

Fig. 11. Spatial plots of bias percentage of gridded raw QPFs, Post-processed QPFs through RPP of daily precipitation including lead time day-1, 
day-3, and day-5 for the five river basins of Ganga, Mahanadi, Godavari, Narmada, and Tapti. 
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seasonal runs located across varied topography in India at both the sub-basin as well as the gridded scale. In this study, we also evaluate 
the results of the sub-basin with those at the gridded scale to understand the influence of spatial resolution, data length and lead times 
on the performance of the RPP. We observe that the performance of RPP does not depend upon the spatial scale of the data; however, 
its performance shows limitation when larger number of days with zero precipitation (dry days) are present in the data. 

6. Conclusions 

Availability of skillful and bias-free precipitation forecasts are essential at the sub-basin level for water management and decision- 
making. In this study, we attempt to statistically post-process deterministic QPFs obtained from the NCMRWF model and produce 
calibrated QPFs. To this end, a Bayesian joint probability model is applied to the gridded and sub-basin averaged precipitation over five 
river basins and lead times. The model is run using the raw QPFs at two temporal lengths (annual and seasonal) to produce 300 reliable 
ensemble members of both ACQ and SCQ. The spatio-temporal correlations in the ensemble members of both ACQ and SCQ are further 
adjusted corresponding to the correlations observed in the historical observation data using the Schaake shuffle. The calibration of the 
raw QPFs is carried out for all the grids and the 177 sub-basins of various sizes across five major river basins of India having diverse 
climatic and hydrological characteristics. Results show that the calibrated forecasts are less biased, more skillful, and more reliable 

Fig. 12. Spatial plots of CRPS (mm day− 1) of gridded raw QPFs, Post-processed QPFs through RPP of daily precipitation including lead time day-1, 
day-3, and day-5 for the five river basins of Ganga, Mahanadi, Godavari, Narmada, and Tapti. 
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than the deterministic forecast. Specifically, the performance of seasonal calibrated QPF is better than that of the annual calibrated 
QPF. Moreover, the calibrated QPFs can discriminate the extreme daily precipitation events (and non-events) regardless of the size of 
the sub-basins. Further, in terms of the spread-skill (forecast error vs ensemble spread) of forecasts, we find that the skill of calibrated 
ACQ and SCQ is significantly better when compared to the available NCMRWF perturbed forecast with 11 ensemble members. Upon 
analysis of the results at the grid-scale, we find that the post-processing approach works well using the data at the gridded scale. This 
shows that the approach does not significantly depends upon the spatial scale. However, we observe that the presence of larger zero 
values in the annual data influences the results. At the grid-scale, results from SCQ are comparatively better compared to those from 
ACQ. In terms of lead times, results at both the spatial scales shows deterioration in performance with increase in the lead times. The 
study is significant since it generates daily calibrated QPFs at the sub-basin scale which can be helpful to policy makers for streamflow 
forecasting, reservoir operations and issuing warnings regarding flood. The study area selected in the study is significantly dense in 
population where majority of the livelihood depends upon agriculture. The post-processing approach can be used to provide timely and 
reliable agro-met advisory services to minimize crop loss. 

The post-processing approach can be further applied to a wide range of hydrological research. Future work will investigate the 
capability of the approach for grid-based precipitation at fine spatial resolution. Moreover, the efficacy of the approach can also be 
evaluated for producing continuous precipitation data with efficient forecasting skills at rain gauges. 
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