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Abstract
Although many meteorological prediction models have been developed recently, but their predictions are
still unreliable. Post-processing is a task for improving meteorological predictions. This study proposes a
post-processing method for the Climate Forecast System Version2 (CFSV2) model. The applicability of
the proposed method is shown in Iran for an observation data from 1982 to 2017. A software has been
implemented which could be used to automatically perform post-processing in meteorological
organizations. With application of the present study, Decision Support System (DSS) is implemented for
controlling precipitation based natural side effects such as �ood disaster or drought phenomenon.
Likewise, it is worth noting that the mentioned DSS meets Sustainable Development Goals (SDGs)
through grantee of human health and environmental protection issues. Finally, the most important
section of DSS is related to prediction and in the present study it is performed by Random Forest
algorithm with more than 0.87 correlation coe�cient.

1- Introduction
Weather predictions have a great impact on everyday life. Many political, economic, environmental and
social programs are linking with an accurate weather prediction. Most of people take weather predictions
serious in many of their schedules from their personal and business setting. Weather predictions are
usually done by hydrological numerical models. These models predict different hydrological variables
outputs such as precipitation, temperature and so on. Many researchers have studied the problems
related to precipitation (Bodri & Čermák, 2000; Li, Chau, Cheng, & Li, 2006; Stojanovic, Milivojevic,
Ivanovic, Milivojevic, & Divac, 2013).

One of the important concepts in weather prediction models is the post-processing. Post-processing, is a
task in which the prediction model is updated to eliminate the errors in the model, lack of data for
building the model and large-scale limitations. Most hydrological models have a limited scale. Therefore,
they don’t have an exact prediction for every point on earth surface. Post-processing could help to
overcome this issue for having an accurate prediction.

The research on the post-processing models and prediction algorithms, is active and there are many post-
processing methods for different hydrological variables. We can classify these papers into two main
categories. The �rst category is a group of studies which developed new prediction models for the post-
processing. The second category is utilized by different post-processing algorithms for post-processing
using one or multiple variables.

To study most recent papers in the �rst category, Monache et al. (2011) proposed two post-processing
methods based on Kalman �lter and weighted average on analog data (Delle Monache, Nipen, Liu, Roux,
& Stull, 2011). Robertson et al. (2013) proposed a post-processing method for rain forecasts (D. E.
Robertson, D. L. Shrestha, & Wang, 2013). In their method, Bayesian joint probability modeling was used
to produce rain probability distributions in different locations. In this regard, ensemble forecasts are
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generated by combining these probabilities using Schaake shu�e. In another study, Scheuerer et al.
(2014) proposed a statistic method for post-processing temperature ensemble forecasts in COSMO-DE
(Scheuerer & Büermann, 2014). Madadgar et al. (2014) proposed a novel method based on copula
functions for post-processing ensemble forecasts (Madadgar, Moradkhani, & Garen, 2014). As such, Chen
et al. (2014) proposed a statistical post-processing method for ensemble forecasts using a stochastic
weather generator (Chen, Brissette, & Li, 2014). Scheuerer et al. (2015) proposed a post-processing
method that transforms raw ensemble precipitation forecasts from the Global Ensemble Forecast System
(GEFS) into probability distributions and after that a regression model is used to link the distributions
(Scheuerer & Hamill, 2015). Stauffer et al. (2017) a post-processing method for daily precipitation on the
standardized anomaly model output statistics is proposed (Stauffer, Umlauf, Messner, Mayr, & Zeileis,
2017). Shrestha et al. (2015) used the Bayesian joint probability and Schaake shu�e to create calibrated
quantitative precipitation forecasts ensembles (Shrestha, Robertson, Bennett, & Wang, 2015). Dabernig et
al. (2017) proposed a new post-processing method based on standardized anomalies (Dabernig, Mayr,
Messner, & Zeileis, 2017). Rasp et al. (2018) proposed a neural network based post-processing method
for temperature in Germany (Rasp & Lerch, 2018). Wutzler et al. (2018) developed a package in R
language for post-processing measurements of eddy covariance �ux data (Wutzler, et al., 2018). At last
but not least, El Ayari et al. (2019) proposed doubly truncated Bayesian model averaging for post-
processing. This method is evaluated on water level forecasts on river Rhine (Mehrez El Ayari, Stephan
Hemri, & Baran, 2019).

The second category is more active and many studies are done recently. For example, Lin et al. (2020)
developed the post-processed precipitation forecasts in Canada at winter from GCM model (H. Lin,
Brunet, & Derome, 2008). Rincon et al. (2010) applied three post-processing methods for short term
irradiance (A. Rincon, O. Jorba, & Baldasano, 2010). Vashani et al. (2010) evaluated �ve different post-
processing methods for temperature in WRF model in Iran (S. Vashani, M. Azadi, & Hajjam, 2010).
Bentzien et al. (2010) post-processed precipitation from DOSMO-DE-EPS model in Germany using
regression methods (Bentzien & Friederichs, 2012). Roulin et al. (2012) utilized extended logistic
regression to post-process precipitation forecasts from ECMWF model in Belgium (Roulin & Vannitsem,
2012). Verkade et al. (2013) used a post-processing method based on regression for precipitation and
temperature in ECMWF ensemble (Verkade, Brown, Reggiani, & Weerts, 2013). Sweeney et al. (2013) post-
processed wind speed forecasts in COSMO model using seven different adaptive post-processing
algorithms (Sweeney, Lynch, & Nolan, 2013). Williams et al. (2014) evaluated four different post-
processing methods for post-processing extreme events in Lorenz 1996 model (Williams, Ferro, &
Kwasniok, 2014),. Bogner et al. (2016) evaluated different post-processing methods for updating �ood
forecasts in Switzerland (K. Bogner, K. Liechti, & Zappa, 2016). Vogel et al. (2017) used Bayesian Model
Averaging (BMA) and Ensemble Model Output Statistics (EMOS) for post-processing precipitation
forecasts in monsoon period in West Africa (Vogel, Gneiting, Knippertz, Fink, & Schlüter, 2017). Yang et al.
(2017) investigated Bayesian model averaging and heteroscedastic censored logistic regression for post-
processing precipitation forecasts in the U.S. Mid-Atlantic region (Yang, Sharma, Siddique, Greybush, &
Mejia, 2017). Whan et al. (2017) utilized extended logistic regression, ensemble model output statistics
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and quantile random forest for post-processing precipitation forecasts (Whan & Schmeits, 2017).
Erickson et al. (2018) used bias correction for post-processing SREF system forecasts for �re weather
days (Erickson, Colle, & Charney, 2018). Vogel et al. (2018) applied Bayesian model averaging and
ensemble model output statistics for post-processing rainfall forecasts in north Africa (Vogel, Knippertz,
Fink, Schlueter, & Gneiting, 2018). Wu et al. (2018) evaluated three different variants of Schaake shu�e
for post-processing precipitation forecasts (Wu, et al., 2018). Taillardat et al. (2019) performed quantile
regression forest and gradient regression for post-processing precipitation forecasts in France (Taillardat,
Fougères, Naveau, & Mestre, 2019).

Building on previous studies on post-processing numerical weather predictions, a method for post-
processing precipitation rate predictions of CFSV2 model is proposed. In the proposed method, CFSV2
model data from 1982–2017 and observation data from 274 weather stations in Iran is used. Methods
based on regression are proposed for post-processing.

The rest of the paper is organized as follows. In Section 2 the regression methods that are used for post-
processing are explained. In Section 3, the proposed method is detailed. In Section 4, the experimental
results are reported and in section 5 the managerial insights and sustainability issues are discussed.
Finally, the Section 6 evaluates the conclusion of present study and suggestion for future studies.

2- Material And Methods
Post-processing is processing output of numerical weather forecast models in order to have more reliable
predictions or having predictions in areas the model does not support. In this research, the goal is to have
predictions in areas that the model does not support.

2-1- Material

The material section is divided to CFSV2 model and case study which are presented in the following. 

2-1-1- CFSV2 model

Climate Forecast System Version2 (CFSV2) is a numerical weather prediction model that predicts a great
range of weather variables(Saha, et al., 2014). The variables are in different groups including: a) Surface
and Radiative �uxes variables, b) 3-D Pressure level variables, c) 3-D Ocean data variables, d) 3-D
Isentropic variables. CFSV2 is an ensemble prediction system executed 16 times every day. Four of the
runs are for monthly prediction for the next nine months, three runs for season forecasts and nine runs
for 45-day forecasts.

2-1-2- Case study

The research is done on CFSV2 model precipitation predictions in Iran. CFSV2 is a model with monthly
forecasts. The CFSV2 data used here is from 1982 to 2017. The predictions used are in the surface and
radiative �uxes variables. There are 107 variables in this group. Only 90 variables which had numerical



Page 5/19

values where used in this research as input variables. The output variable is the precipitation observation
from the weather station. The precipitation observation data are from 274 weather stations all over Iran.
Figure 1 shows CFSV2 precipitation predictions in Iran for different regions compared to precipitation
observations.

Each precipitation prediction in CFSV2 model is for a speci�c year and month. The model is executed
several times each day and in different days. Therefore, it has multiple predictions for each month. These
predictions with 90 variables for each and the observations for the same year and month are matched
together so the dataset for post-processing is created. In Figure 1, the CFSV2 precipitation predictions in
Iran has been compared with observations.

2-2- Methods

In this section, the methods used in the research is reported. 

2-2-1- Problem

Post-processing is a task done on numerical weather predictions with different purposes. One of the
purposes is that some models don’t have predictions in some areas due to scalability limitations. Post-
processing helps to have predictions everywhere. Another goal of post-processing in enhancing the
predictions.

2-2-1- Post-processing

Post-processing is a task done on numerical weather predictions with different purposes. One of the
purposes is that some models don’t have predictions in some areas due to scalability limitations. Post-
processing helps to have predictions everywhere. Another goal of post-processing in enhancing the
predictions.

2-2-2- Preprocessing methods

In Machine learning, preprocessing are the tasks done on data before the learning task (Salvador García,
Julián Luengo, & Herrera, 2015). Preprocessing makes the data ready for learning operations. The data
was investigated and two main challenges were observed, which are imbalanced data and missing
values. These concepts are detailed next.

2-2-2-1- Imbalanced data

Imbalanced data is an important challenge in machine learning (He & Garcia, 2009). This challenge
usually occurs in classi�cation tasks in which data in one class is much more than data in other class.
Regression is another type of learning in which imbalance may occur (Torgo, Ribeiro, Pfahringer, &
Branco, 2013). Imbalance in regression means that some output values occur much more than others. 
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Here, the output variable is precipitation observation in weather station. It was investigated that most of
the observations are zero therefore data imbalance exists. In (Torgo, et al., 2013) a preprocessing
algorithm based on SMOTE (Chawla, Bowyer, Hall, & Kegelmeyer, 2002) has been proposed to handle
imbalance in regression. There is a R software package for this research (Branco, 2013).

2-2-2-2- Missed values

Missed values is another challenge in machine learning, in which some features don’t have values due to
problems in data acquisition (W.-C. Lin & Tsai, 2020). Missed values could be handled by different
methods. Here chained Equations are used to impute missed values (van Buuren & Groothuis-Oudshoorn,
2011). In (van Buuren & Groothuis-Oudshoorn, 2011), a R software package has been developed for
imputing missed values using chained Equations.

2-2-2-3- Feature selection

Feature selection is one of the most important preprocessing tasks in machine learning (Alpaydın, 2010).
In feature selection it is aimed to reduce the dimensions of the learning problem. There are different
methods for feature selection. Here, a �lter method based on Pearson correlation was used to �nd the
correlation between each variable and the observation. Variables that had low correlation were omitted. 

As mentioned earlier, in the CFSV2 data there are 90 variables. After performing the feature selection
method, the variables were reduced to 47. Therefore, the time for learning was reduced.

2-2-3- Regression methods

Numerical weather predictions are usually continuous values and the post-processing method aims to
change these forecasts to another continuous value. With this explanation, regression methods are a
suitable mechanism for post-processing. In regression methods, the predicted variable is
continuous (Alpaydın, 2010). In the next sections different regression methods used in this research are
explained.

2-2-3-1- General Regression Neural Network (GRNN)

GRNN is a memory-based neural network suitable for linear and non-linear regression tasks (Specht,
1991). GRNN is built up of three layers, which are: pattern layer, summation layer and output layer. In the
pattern layer, each neuron is a cluster center and the similarity of input to each cluster is computed. The
summation layer sums up the result of the pattern layer and the output layer gives the �nal prediction. 

2-2-3-2- Extreme Learning Machine (ELM)

ELM is a type of neural network in which the hidden layer weights are not trained and have random
values (Huang, Zhu, & Siew, 2006). ELM can have multiple hidden layers. The output layer in ELM has
weights and only these weights are trained. This enables ELM to estimate weights with an Equation and
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no need to use backpropagation algorithm. ELM has faster training and doesn’t fall into local minimums.
ELM can be used for regression. 

2-2-3-3- Neural Network (NN)

Neural networks are a popular learning algorithm (Warren McCulloch & Pitts, 1943). Here a Multi-Layer
Perceptron (MLP) is used for regression. The hidden layer has 50 neurons with tangent sigmoid
activation. The output layer has one neuron with linear activation. The output layer neuron gives the �nal
prediction of the network. Backpropagation is used for training the MLP. 

2-2-3-4- Binary Regression Tree (BRT)

Binary regression trees are a type of decision tree for regression (L. Breiman, J. Friedman, R. Olshen, &
Stone, 1984). In this decision tree the nodes are divided based on limits on feature values. The features
are selected based on GINI index. The learning function is recursive and the operation done on each leaf
of the tree are the same. The training stops when there are no more leaves to extend and all leaves are
labels not features.

2-2-3-5- Random Forest (RF)

Random forest is an ensemble of decision trees which are combined based on Bagging
approach (Breiman, 2001). In bagging, each learner gives a prediction or vote, and the result prediction is
majority of votes (Kuncheva, 2004). In building each tree, random forest has a special strategy. It selects
one of the attributes randomly. That’s where the word random comes from.

2-2-3-6- Lasso Boosting (LB)

Lasso Boosting is an ensemble of decision trees which are combined using boosting method (Zhao & Yu,
2004). It belongs to a big family of learners called “Gradient Boosting” methods. In boosting, the general
idea is to start from a weak learner and try to enhance it iteratively based on the error in each iteration
 (Kuncheva, 2004). Lasso, generally is an iterative optimization method. In Lasso Boosting, Lasso is used
in combination with boosting to optimize the training procedure. 

3- Results And Discussions
In this section experiments were conducted to evaluate the effectiveness of the proposed method. Finally,
after evaluations of the outcomes with other researches, three different sections contain sustainability
and climate change, Decision Support System (DSS) with focusing on managerial insights, and 

3-1- Metrics

Four different metrics were used to evaluate the results which are RMSE (Equation 1), Pearson Correlation
(Equation 2), ROC analysis plot and Q-Q plot. 
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K-fold cross validation with K=10, was used to compute the metrics. In Kfold the dataset is divided into K
parts and (K-1) parts are used for training and one part for testing and this process is repeated K times.
The �nal evaluation is the mean of K times of execution. 

3-2- Results

In this section the results for the metrics are reported. 

3-2-1- RMSE and correlation metric

In Table 1, the RMSE and correlation results are shown. The results are the mean of 10 executions.

Table 1. The outcomes of RSME through the present study.

Method RSME Pear_Corr

GRNN 41.99 0.67

NN 41.79 0.58

ELM 51.19 0.15

BRT 36.81 0.74

RF 25.94 0.87

LB 33.02 0.77

From the results of Table 1, it is concluded that in this data, tree based methods (BRT, RF, LB) have better
results than neural network methods (GRNN, NN, ELM). Among the tree based methods Random Forest
has the best results. 

3-2-2- ROC curve

The ROC plot is a metric used for classi�cation problems. Here the problem is a regression problem,
therefore it needs to be converted. To achieve this, the predictions and observations are categorized into
three groups Below Normal (BN), Normal (NN), Above Normal (AN). Below normal means the precipitation
is less than 80 percent of average long-term reforecast precipitation. Normal means precipitation is
between 80 percent and 120 percent average and above normal means precipitation is higher than 120
percent average. In Figure 2, the result without post-processing is shown.
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From Figure 2 it could be concluded that CFSV2 doesn’t have suitable predictions on observations above
normal. In Figure 3, the ROC plots for six post-processing algorithms is shown.

From Figure 3 it could be concluded that the post-processing algorithms have improved the CFSV2
predictions in BN and NN categories. For observations above normal all methods except ELM have
results similar to CFSV2. This issue is related to low precipitation in Iran. Between the six post-processing
algorithms, RF has the best ROC plot result.

3-2-3- Q-Q plot

The Q-Q plot is used to investigate if two sample data are from the same distribution. Here, the two
sample data are the observations and predictions. If the observation and predictions come from the same
distribution the result is a linear plot. In Figure 4, the Q-Q plot is shown for predictions before post-
processing.

From Figure 4, it could be concluded that CFSV2 prediction don’t have similar distribution to the
observations. In Figure 5, the Q-Q plots after post-processing is shown.

From Figure 5 it could be concluded that the post-processing algorithms have improved the CFSV2
predictions. Between the six algorithms, GRNN and BRT have the best Q-Q plot result.

3-3- Sensitivity analysis

In this section, the sensitivity of the learned post-processing algorithms was analyzed. In this analysis,
CFSV2 precipitation predictions and observation data from Iran weather stations in 2018 were collected
and used.

3-3-1- ROC plot

The ROC plot for CFSV2 precipitation predictions before post-processing is shown in Figure 6. 

From Figure 6 it could be concluded that CFSV2 has better predictions for the BN category.

Figure 7 shows that post-processing algorithms have improved CFSV2 predictions in BN category. RF and
LB have better results compared to other algorithms.

The sensitivity analysis of learned post-processing algorithms with ROC metric on CFSV2 data in 2018
has similar results to the main results in 1982-2017.

3-3-2- Q-Q plot

The Q-Q plot before post-processing is shown in Figure 8. 

From Figure 8, it could be concluded that CFSV2 predictions have similar distribution to the observations
approximately. The Q-Q plot for post-processing algorithms are shown in Figure 9.
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From Figure 9 it could be concluded that the post-processing algorithms have improved the CFSV2
predictions. Between the six algorithms, RF and LB have the best Q-Q plot result.

The sensitivity analysis of learned post-processing algorithms with Q-Q plot on CFSV2 data in 2018
doesn’t have similar results to the main results in 1982-2017.

4- Implemented Software
A software was developed for Iran Meteorological Organization (IMO) to use this research for post-
processing in practice (Figure 10). The software was designed and implemented using MATLAB 2017
and Mysql database version 8. The functions are implemented in MATLAB 2017 and the data are stored
in Mysql database. This software could be used to perform the post-processing tasks in IMO.

The main part of this software is the automatic post-processing (Figure 11). Automatic post-processing
means that by pressing the start button, the software starts to download CFSV2 model predictions from
the site and saves them in the speci�ed path and then the post-processing function is called and it is
performed for the speci�ed regions. The result of post-processing is saved in the speci�ed path as excel
�les and maps.

Whenever this process stops, in result of software or hardware reasons. The process could be continued
after restarting the software. 

The last part of the software is Maps (Figure 12). In this tab the post-processing outputs could be viewed
as maps. There are four types of maps. 

Through the research of Khan et al. (2021), applied NASA's Goddard Earth Observing System (GEOS) for
prediction of precipitations in different climates with concentration on El Niño and the best correlation
coe�cient of the mentioned study was around 0.6 which is less than outcomes of the present research
[45]. Therefore, this result shows the validity of this study’s outputs. Plus, Andrade t al., (2021) presented
a novel method for prediction of rainfall through the El Niño phenomenon in Africa with application of
three method contain European Centre for Medium-Range Weather Forecasts (ECMWF), National Centers
for Environmental Prediction (NCEP), and Met O�ce (UKMO) models [46]. The results of their study
demonstrated that with the declared models, the unpredictable El Niño event can predict with more than
0.9 correlation coe�cient. But, the mentioned computation systems are black-box models and it is not
�exible for benchmarking in the unde�ned situations. But, this study focused on application of
programming for estimation of precipitation and it is so appropriate from economic and execution
aspects. Likewise, Peng et al., (2021) evaluated combination of metaheuristic algorithm and machine
learning computations for prediction of precipitation. The outcomes illustrated that e�ciency of
participation forecasting system by Deep neural networks (DNN) has acceptable precision [47]. But,
because of integration machine learning and optimization methods, volume of computations is so huge
and in the following, run time is extended. Besides, in the present investigation, the speed of
computations is so high and it can be utilized as a real time soft-sensor. 
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5- A Discussion On Sustainability Issues
 Through this section meeting the Sustainable Development Goals (SDGs) is appraised. Then, the
application of Decision Support System (DSS), and research position are argued. 

5-1- Sustainability

According to Figure 13, through implementation of the present study’s outcomes, precipitation can be
predicted with high e�ciency and then in the following, drought and �ood disasters can be controlled. By
the outputs, human risks, environmental and infrastructure damages are reduced. Finally, after execution
of the early reaction systems, social satisfactions are increased and they trust to local government.
Therefore, as well, technical aspects, the results of this investigation help with social and economic
aspects. Finally, two aspects of SDGs include Sustainable Cities and Communities (Ghadami, et al., 2021;
Shahsavar, et al., 2021) and Good Health and Well Being (Amini, Arab, Faramarz, Ghazikhani, & Gheibi,
2021; Mohammadi, et al., 2021) are met. 

5-2- DSS concept

One of the main goals through this study is related to implementation of DSS for monitoring, prediction
and controlling side-effects of increased and decreased precipitation events such as drought and �ood.
The conceptual model of the DSS is illustrated as per Figure 14. Through the mentioned DSS, monitoring
section is organized by online/o�ine achieved data. Then, the e�ciency of GRNN, NN, ELM, BRT, RF, and
LB are assessed by rainfall data and the best algorithm is selected for future estimation. Finally, by
predicted precipitation amounts, alarm management are done based on comparison with thresholds.
While, the thresholds are determined in speci�c values which are variances in different regions. 

According to World Bank database, Iran is divided into 6 main watersheds (Figure 15) and the
combination of temperature and precipitation diagrams of the mentioned zones from 1991 to 2020 are
presented according to Figure 16 (a-f). The Figures express that Iran has lots of �uctuations throughout
the whole period. Therefore, prediction of rainfall in Iran is so complex and this post-processing system
operates multifaceted problem through climatology issues.  

5-3- Importance of viewpoints 

For determination of study position in scienti�c communications, the library evaluation is operated by the
application of VOSviewer software and Scopus database. Whereas, for the declared goals, the
precipitations and machine learning keywords are documented with simple searching and then the
outputs are �ltered by authors (Figure 17-a), country (Figure 17-b), and keywords occurrences (Figure 17-
c). Based on Figure 17-a, Y. Liu, X. Zhang, and Y. Zhang contribute more than more studies about the
usage of the machine learning in precipitation estimation research area. Also, as per Figure 17-b, United
State and China published the most documents in the declared �eld. While, rainfall estimation is hot
issue in Iran which is illustrated in Figure 17-b. Finally, according to Figure 17-c integration of machine
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learning and precipitation issues are combined by climate changes as a novel subject which is suggested
by this investigation. 

Based on Figure 18 which is provided from World Bank datacenter, the distribution of rainfall in the world
map demonstrated that Iran is located in the arid area through the time. Thus, the exact prediction of
precipitation is so necessary in the case study and based on �ood/drought phenomenon occurrences in
Iran, establishment of high e�cient forecasting system is assumed as crucial implementation.
Considering outcomes of this study, it is clear that the declared gap can be �lled. 

Although this study provided a strong prediction model in comparison with majority of previous literature,
there are many limitations which can help us for future work. First, the proposed model may be extended
by other hydrological numerical models (Lawrence & Hosein, 2019). Finally, our prediction models can be
combined by recent advances in swarm intelligence and computational methods (Fathollahi-Fard,
Hajiaghaei-Keshteli, & Tavakkoli-Moghaddam, 2018, 2020) to improve the accuracy and robustness of
our model. 

6- Conclusion
Weather predictions are an important issue in everyday life. Hydrological numerical predictions have
errors and are sometimes unreliable. Post-processing methods could be used to manage this issue.
Increasing the scale of predictions is another goal for post-processing. In this study regression methods
are used for improving CFSV2 precipitations in Iran. CFSV2 predictions and weather station observations
in 1982-2017 build up the data. Generalized regression neural network, neural network, extreme learning
machine, binary regression tree, random forest and lasso boosting are the methods used for post-
processing. The results show improvements in predictions with different metrics. Random forest shows
better results in RMSE and correlation and ROC plot. Generalized regression neural network and Binary
regression tree show better results in Q-Q plot. 

Finally, the sensitivity of learned models was analyzed. The analysis is done for CFSV2 predictions and
weather station observations in 2018. The results are approximately similar to the results in 1982-2017
with some minor differences.

For future studies, this research suggests to application of metaheuristic algorithms for optimization of
machine learning errors through the precipitation process. Also, after forecasting precipitation, Multi
Criteria Decision Making (MCDM) techniques can be coupled with machine learning computations for
online decision making through �ood or drought controlling systems.
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Figures

Figure 1

Left: CFSV2 predictions in January 2017, Right: Weather station observations in January 2017.

Figure 2

ROC plot for CFSV2 predictions compared to observations.
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Figure 3

ROC plot for six Post-Processing algorithms. (a) GRNN, (b) NN, (c) ELM, (d) BRT, (e) RF and (f) LB.
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Figure 5

Q-Q plot for six Post-Processing algorithms. (a) GRNN, (b) NN, (c) ELM, (d) BRT, (e) RF and (f) LB.

Figure 14

The Decision Support System in the present study.


