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Abstract

Accurate precipitation forecasting is fundamental to flood prediction, reservoir operation, and 

disaster risk reduction. However, systematic biases in numerical weather prediction (NWP) models 

often reduce the reliability of hydrological simulations. This study proposes a forensic engineering 

framework to evaluate the performance of two widely used NWP models, which are the Global 

Forecast System (GFS) and the Weather Research and Forecasting (WRF) model, for flood 

forecasting in the Karkheh watershed, southwestern Iran. Support Vector Regression (SVR) was 

employed to improve precipitation forecasts as a post-processing bias-correction technique, and 

the corrected forecasts were subsequently used as inputs to a rainfall–runoff model for 

reconstructing the 2019 flood event. The forecasting performance of the original and bias-

corrected precipitation datasets was evaluated using statistical performance indicators, and their 

impacts on runoff simulation were assessed through a forensic engineering analysis of the 2019 
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flood. This work’s results demonstrate that SVR-based bias correction substantially enhanced the 

forecasting accuracy of both the GFS and WRF models and significantly improved the agreement 

between predicted and observed runoff volumes. Bias correction applied to the first and second 

events reduced runoff prediction errors by 73.4, 136.6, and 78.9 million m³ for the WRF model 

and by 74.6, 162.0, and 50.4 million m³ for the GFS model with respect to the 1-, 2-, and 3-day 

lead forecasting times, respectively. These improvements resulted in more reliable runoff estimates 

and closer agreement with the observed runoff volumes. Overall, the proposed forensic 

engineering framework demonstrates that integrating SVR-based bias correction with numerical 

weather prediction models considerably improves precipitation and runoff forecasting accuracy. 

The proposed methodology provides a practical decision-support framework for flood forecasting, 

reservoir operation, and flood risk management in watersheds exposed to extreme hydrological 

events.

Keywords: Numerical prediction models; Forensic engineering; Flood management and control; 

Bias correction; Flood events.

1. Introduction

A survey of natural disasters indicates that floods have been the most frequent and 

destructive natural hazard worldwide since 2005 (UNDRR, 2019; World Bank and United Nations, 

2010). Their increasing frequency and intensity, driven by climate change and land-use alterations, 

have significantly increased the challenges associated with flood risk management (Bezada, 2009; 

National Research Council, 2026). Consequently, improving the understanding of flood-

generating processes and enhancing forecasting capabilities have become essential for reducing 

flood impacts and supporting effective water resources management (Tingsanchali, 2012).
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Numerical weather prediction (NWP) models have become indispensable tools because 

they simulate atmospheric processes by numerically solving the governing physical equations. 

Widely used NWP models, such as the European Centre for Medium-Range Weather Forecasts 

(ECMWF), Icosahedral Nonhydrostatic (ICON), Global Forecast System (GFS), and the Weather 

Research and Forecasting (WRF) model, provide valuable meteorological information for flood 

forecasting over a wide range of spatial and temporal scales. Previous studies have consistently 

demonstrated the applicability of NWP models for flood forecasting in different hydro-climatic 

regions. For example, Li et al. (2017) evaluated regional numerical weather prediction models for 

flood warning systems in southern China, while Yu et al. (2016) employed ensemble NWP 

forecasts with a 10-km spatial resolution for flood prediction in Japan. Other studies have also 

assessed the capability of different NWP models to improve precipitation forecasting and 

hydrological prediction under diverse climatic conditions (Liguori and Rico-Ramirez, 2012; He et 

al., 2013; Hsiao et al., 2013; Yu et al., 2015; Gebremichael et al., 2022; Da Silva et al., 2022; 

Moghim and Takallou, 2023). Collectively, these studies confirm the considerable potential of 

NWP models for flood forecasting while also indicating that their predictive performance remains 

highly dependent on regional climatic conditions, forecast lead time, and systematic errors in 

precipitation prediction.

Several studies have evaluated the performance of numerical weather prediction (NWP) 

models for precipitation forecasting in Iran, particularly the Weather Research and Forecasting 

(WRF) model. Overall, these studies indicate that WRF can reasonably reproduce rainfall patterns; 

however, its performance is strongly influenced by topography, forecast lead time, and model 

resolution. For example, Taghavi et al. (2012) reported satisfactory simulation of precipitation 

patterns but lower accuracy over mountainous regions. Similarly, Arkian et al. (2013) found 
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acceptable forecasting skill for rainfall events exceeding 10 mm, while Amini et al. (2013) showed 

that a finer spatial resolution (3 km) substantially improved forecasting accuracy compared with 

coarser resolutions. These findings suggest that, despite the capability of the WRF model for 

precipitation forecasting in Iran, further improvements are still required to reduce systematic 

forecasting errors before its application in hydrological and flood forecasting studies.

Despite the continuous development of numerical weather prediction (NWP) models, their 

forecasts are still affected by systematic errors and uncertainties (Kalnay, 2003). Therefore, post-

processing and bias correction have become essential steps before applying meteorological 

forecasts to hydrological modelling (Ajaaj et al., 2015; Yuan et al., 2015; Schepen et al., 2017; 

Zhao et al., 2017). Various bias-correction techniques have been proposed, including Quantile 

Mapping (QM), Delta, Linear Scaling, Bayesian approaches, and machine learning methods such 

as Support Vector Regression (SVR) and Artificial Neural Networks (ANN). These techniques 

assume that the statistical relationship between forecasts and observations can be used to reduce 

systematic forecasting errors (Khajehei and Moradkhani, 2017; HEPEX, 2018).

Previous studies have demonstrated the effectiveness of post-processing techniques for 

reducing systematic errors in precipitation forecasts generated by numerical weather prediction 

(NWP) models under different climatic conditions. For example, Ngai et al. (2017), Amin Yavari 

et al. (2019), Lazoglu et al. (2020), Medina and Tian (2020), and Kolachian et al. (2019) reported 

that post-processing methods generally improved the accuracy of precipitation forecasts, although 

their performance varied depending on the correction technique, meteorological variable, and 

study region. Despite these advances forecasting uncertainties remain, particularly for extreme 

precipitation events and their subsequent hydrological applications. Therefore, bias correction has 

become an essential step before applying NWP forecasts to operational flood forecasting and water 
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resources management. Overall, these findings highlight that, although bias correction is an 

essential component of modern numerical weather forecasting, identifying robust post-processing 

approaches capable of further improving precipitation forecasts and enhancing the reliability of 

hydrological simulations remains an important research challenge.

Forensic hydrology is a branch of forensic engineering that aims at identifying the causes 

of failures and extreme events in water systems through systematic analysis of hydrological, 

meteorological, and operational data (Loáiciga, 2001; Witte et al., 2019; Zarei et al., 2023). 

Forensic hydrology has been increasingly applied to investigate flood events, reservoir operation, 

droughts, sediment transport, groundwater depletion, and other water-related hazards (Zarei et al., 

2021). Previous studies have demonstrated the value of forensic approaches for reconstructing 

flood events and evaluating water management practices. For example, Aparicio et al. (2009), 

Branstret et al. (2018), Delpasand et al. (2021), and Zarei et al. (2023) successfully applied forensic 

engineering concepts to analyze flood events and assess reservoir operation under extreme 

hydrological conditions. Collectively, these studies highlight the capability of forensic hydrology 

to improve the understanding of flood mechanisms and support more effective water resources 

management.

There are many previous published studies that evaluate water resources systems in present 

and future periods (Beygi et al. 2014; Bozorg-Haddad and Mariño 2011; Bozorg-Haddad et al. 

2007, 2009; Fallah-Mehdipour et al. 2011, 2013; Karimi-Hosseini et al. 2011; Orouji et al. 2014; 

Sabbaghpour et al. 2012; Shokri et al. 2013; Soltanjalili et al. 2011). The present study aims to 

investigate the past conditions of a flood-control system.

The 2019 Iranian flood was one of the most severe hydrological disasters in recent decades, 

causing large human, economic, and environmental losses across large parts of the country. 
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Prolonged and intense precipitation in the Karkheh River Basin generated exceptionally high 

runoff, highlighting the critical role of accurate precipitation forecasting for flood management. 

The close relationship between extreme precipitation and flood generation makes this event a 

representative case study for evaluating the performance of bias-corrected numerical weather 

prediction (NWP) models. Forensic hydrology has been widely applied to flood reconstruction and 

reservoir operation; howeverits integration with NWP models and machine learning-based bias 

correction for flood forecasting remains limited. This study addresses this research gap and 

proposes an integrated forensic engineering framework that combines GFS and WRF precipitation 

forecasts with Support Vector Regression (SVR)-based bias correction and rainfall–runoff 

modelling to investigate the 2019 Karkheh flood. The proposed framework evaluates the impact 

of bias correction on hydrological prediction and flood management by comparing simulated and 

observed flood volumes under different forecasting scenarios. This work’s findings demonstrate 

how improvements in precipitation forecasting enhance the reliability of hydrological prediction 

and support more informed reservoir operation and flood risk management. Furthermore, the 

proposed framework provides a transferable methodology for evaluating bias-corrected NWP 

models in regions exposed to extreme hydrological events.

2. Methods and materials

Iran features a dry and semi-arid climate; yet it experiences occasional destructive floods, 

one of which occurred in 2019. This flood affected Iran's western and southwestern regions during 

heavy rainfall. The first rainfall event occurred during 24–26 March 2019, whereas the second 

occurred during 31 March–2 April 2019 and, in total, an average of 190 mm of rain fell on the 

Karkheh catchment area. As a result, five provinces, 200 cities, and 4300 villages were affected, 

and nearly 80 people died (SRCIF, 2019a).
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Accurate and timely precipitation forecasting is one of the fundamental components of effective 

flood management and forms the basis of the present study, which focuses on the 2019 Iranian 

flood. The proposed methodology first evaluates the performance of GFS and WRF precipitation 

forecasts before and after Support Vector Regression (SVR)-based bias correction. The corrected 

forecasts are then incorporated into rainfall–runoff modelling to assess how improvements in 

precipitation forecasting influence runoff simulation and forensic engineering analysis. Figure 1 

provides an overview of the proposed methodological framework, which comprises five sequential 

stages: data acquisition, data preprocessing, bias correction, model performance evaluation, and 

forensic engineering analysis. This workflow establishes the overall structure of the study, while 

the individual methodological steps are described in detail in the following sections.

2.1. The study area

The study area is the Karkheh Basin, located in southwestern Iran. This basin has an area 

of 51643 square kilometers, of which 55.5% is mountainous. The Karkheh basin is located between 

coordinates of 46º06´ to 49º10´ east longitude and 30º58´ to 35º04´ north latitude. Figure 2 depicts 

the study area along with the location of synoptic meteorological stations.

The Karkheh Basin is one of the most important river basins in Iran, playing a vital role in 

water supply, agriculture, hydropower generation, and flood control. The basin is characterized by 

complex topography, considerable spatial variability in precipitation, and the presence of the 

Karkheh Dam, which significantly influences flood management. During the extreme flood event 

of 2019, the basin experienced widespread flooding that caused substantial economic and 

environmental damage. This event, highlights the importance of improving precipitation 

forecasting and flood prediction in this region.

2.2. Observational data
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Daily rainfall data were collected from 22 synoptic stations operated by the Iran 

Meteorological Organization (IMO). The characteristics of the stations are presented in Table 1.

2.3. Data related to weather-forecasting models

The GFS and WRF models were used to forecast rainfall in the studied area. These two 

weather forecasting models are described below.

2.4. The GFS numerical meteorological model

The GFS Global Forecast System is a spectral global weather forecasting model with 

advanced dynamics and physics (Kanamitsu, 1989; Kalnay et al., 1990; Kanamitsu et al., 1991; 

Moorthi et al., 2001; Durai et al., 2010; Saha et al. et al. 2010). It is a well-known global 

meteorological model. It conforms to a dynamical framework known as the Earth System 

Modeling Framework (ESMF). Its code was rewritten to have many options for updated dynamics 

and physics (Sridevi et al., 2020). This model is developed and runs four times a day (00:00, 06:00, 

12:00, 18:00 UTC) in real-time operational mode at the US National Center for Environmental 

Prediction (NCEP). Its outputs are available to the user community through an FTP server. Its 

outputs are updated every 6 hours and forecasts up to 16 days in advance. The GFS model consists 

of 4 separate models of the atmosphere, ocean, surface soil, and sea ice, which are run 

simultaneously. The minimal horizontal resolution of this model network is 28 km, and it covers 

up to 8 km of the vertical column of the atmosphere. A wide range of atmospheric and surface 

variables (e.g., soil moisture, temperature, wind, precipitation) from the GFS’s simulations are 

available to users. The new version of this model has a horizontal resolution of 13 km (0.13 

degrees). The GFS features an annual update that maintains its current with actual global weather 

phenomena (Khajehei and Moradkhani, 2017). Many operational weather forecasting agencies in 

the world use the GFS model output for real-time weather forecasting.
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2.5. The WRF numerical meteorological model

The WRF model performs numerical simulations of weather and atmospheric conditions 

intended for research and operational applications. The WRF model was developed by various 

agencies, such as the United States National Center for Atmospheric Research (NCAR), the 

National Oceanic and Atmospheric Center of America (NOAA), the Center for Environmental 

Prediction (NCEP), and the Meteorological Center of the Air Force Weather Agency (AFWA) 

(Powers et al., 2017). The spatial range of application of this model varies from several meters to 

thousands of kilometers (Skamarock et al., 2008).

The software structure of the WRF model is shown in Figure 3. This structure includes 

parts of physics, chemistry, dynamic cores, and programs for initiation and data guarding. The 

model includes two different dynamic cores: the advanced research dynamic core (ARW) 

developed by NCAR and the dynamic core of the non-hydrostatic mesoscale model (NMM) 

developed by NCEP. In addition to the dynamic core, physical and chemical processes are 

simulated separately in the WRF model. The physics component of the model is dedicated to the 

parameterization of the physical processes in the atmosphere on grid and sub-grid scales. This 

model component includes various processes related to cloud microphysics, cumulus convection, 

surface physics, planetary boundary layer physics, and long-wavelength and short-wavelength 

atmospheric radiation (Skamarock et al., 2008). Figure 3 displays the WRF model structure.

2.5.1 Schemes available in the WRF model

Radiation parameterization schemes, cumulus cloud parameterization, surface layer, 

surface models, planetary boundary layer, and microphysics schemes are used in the 

parameterization of physical variables in the WRF model. The WRF model has three 

configurations, each implemented based on different physical schemes. Table 2 presents the 
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microphysics schemas of the WRF model used in this study. Figure 4 displays the feedbacks that 

exist among different physical schemes of the WRF model. The latter model is implemented in 

two domains: the first domain has a horizontal resolution of 28 km, and the second domain has a 

horizontal resolution of 8 km. This study used the data of the second domain with a spatial 

resolution of 8 km.

Observed rainfall data from the 22 synoptic stations were used to evaluate the WRF simulations. 

Rainfall forecasts corresponding to the station locations were extracted from the WRF outputs and 

compared with the observations. Table 3 lists the general characteristics of the numerical models.

2.6. Statistical evaluation indicators

The rainfall forecasts from the weather models were compared with the observational data 

gathered at the meteorological stations to evaluate the predictive skill of the numerical 

meteorological models. A set of statistical evaluation indicators of goodness-of-fit were applied in 

the evaluation, which are described below.

The statistical criteria implemented in this paper are the correlation coefficient [Equation 

(1)], the root mean squared error [Equation (2)], the bias percentage [Equation (3)], and the Nash-

Sutcliffe criterion [Equation (4)]:

Correlation coefficient:

1
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where in Equations (1) to (4), 𝐹𝑖 = the forecasted value of the rainfall variable; 𝑂𝑖 = the 

corresponding observed value; F Average forecasted values of rainfall, and 𝑁 = the number of 

observations.

2.7. Post-processing of numerical forecasts of precipitation in the basin

Raw precipitation forecasts generated by numerical weather prediction (NWP) models 

generally contain systematic errors and biases (Wu et al., 2014). Bias is the systematic difference 

between forecasted and observed data. Therefore, bias correction methods have been considered 

in many studies to post-process the results of prediction models and remove their bias (Tao et al., 

2014). In this study, Support Vector Regression (SVR) was adopted as a statistical post-processing 

method to correct systematic biases in the GFS and WRF precipitation forecasts.

For this purpose, the rainfall forecasts from GFS and WRF models from 13 March 2019 

through 11 September 2022 and the forecast horizon of 1 to 3 days in the future were extracted at 

the investigated stations' locations. The paired forecast–observation datasets were subsequently 

used to develop SVR models for bias correction at each station.

2.7.1 Support Vector Regression (SVR)

The support vector machine (SVM) was developed by Vapnik (1995). SVM is used for 

supervised learning methods in data analysis and pattern recognition (Araghinejad, 2014).
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The decision-making space is divided into hyper-pages. The best separation is done so that the set 

of vectors belonging to each class is separated without error, and the closest point of each class 

has the most significant possible distance to the separation plane (Gunn, 1998). The second feature 

reduces the misclassification error when new information is added and is the primary difference 

between support vector machines and other classification methods (Araghinejad, 2014). This 

research used the support vector regression (SVR) method to identify the relationship between 

forecasts and observational data. For this purpose, paired forecast and observed precipitation data 

at each station were entered in the SVR modeling stage. The data were divided into calibration and 

validation data sets, with an 80% to 20% ratio. The SVR model was fitted on these data sets. For 

this purpose, 50 SVR models were fitted in each station, and the best model among the 50 models 

was selected based on the NSE criterion. The selected SVR model was then used to correct the 

precipitation forecasts at the corresponding station. This work was repeated for each station 

separately for the WRF and GFS models and for each forecast horizon. Due to the improvement 

of the performance of this method by considering more data the entire daily time series of data 

were used. The chosen kernel function is the RBF function, and the parameters are determined by 

trial and error. The SvmRadial method with train control based on the cross-validation method was 

implemented for developing the SVR model in the R platform. Lastly, the model was run 50 times; 

80% of the data were considered for training, and 20% were considered for testing.

This calibration and validation procedure was performed independently for each meteorological 

station, each forecast horizon (1-, 2-, and 3-day ahead), and for both the GFS and WRF forecasting 

models. The optimal SVR model was selected according to the highest NSE value obtained during 

the validation stage and subsequently used for bias correction of the corresponding precipitation 

forecasts.
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2.8. Forensic engineering analysis of flood events

Forensic engineering is used to determine the contribution of different factors to infrastructure 

failures and flood damages, including the role of available meteorological forecasts in flood 

management and reservoir operation. This study applied a forensic engineering framework to 

evaluate the performance of the GFS and WRF rainfall forecasting models before and after bias 

correction using the Support Vector Regression (SVR) method. The objective was to investigate 

how forecast uncertainty propagates into runoff estimation during the March 2019 flood events in 

the Karkheh Basin and to assess the potential benefits of bias correction for future flood 

management. Rainfall–runoff modelling was performed after evaluating the precipitation forecasts 

in order to convert the observed and forecasted rainfall into runoff within each sub-basin. The post-

processing of raw numerical weather prediction outputs through SVR-based bias correction was 

subsequently assessed in terms of its influence on runoff prediction accuracy. The forensic 

engineering analysis was conducted for the two major flood events that occurred during 24–26 

March and 31 March–2 April 2019 (SRCIF, 2019b). The Karkheh Basin was divided into nine 

sub-basins according to the 2019 Special Flood Committee hydrology and water resources report 

(Figure 5). The characteristics and runoff coefficients of the investigated sub-basins are presented 

in Table 4. The runoff coefficients were assumed to remain constant throughout the study period 

(24 March–2 April 2019) and ranged from 0.18 in the Seimareh sub-basin to 0.69 in the Doab 

Kashkan sub-basin (SRCIF, 2019b).

The runoff coefficients adopted in this study were obtained from the hydrological assessment 

reported by the 2019 Special Flood Committee (SRCIF, 2019b) and represent event-based values 

estimated specifically for the March–April 2019 flood events. Therefore, these coefficients were 
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kept constant throughout the analysis to ensure consistency in the comparison of runoff estimates 

derived from the raw and bias-corrected precipitation forecasts.

For each forecast horizon (1, 2, and 3 days), the observed precipitation and the forecasts generated 

by the GFS and WRF models, both before and after bias correction, were spatially averaged over 

each sub-basin using the Thiessen polygon method. The spatially averaged precipitation was then 

converted into runoff using the corresponding runoff coefficient for each sub-basin. Cumulative 

runoff volumes were estimated separately for each sub-basin and forecast horizon, and the 

percentage difference between the observed and simulated runoff volumes was calculated. These 

percentage differences were used in the forensic engineering framework to quantify the effect of 

precipitation forecast uncertainty on runoff prediction and to evaluate the effectiveness of bias 

correction in improving flood forecasting performance. Therefore, improved precipitation 

forecasts reduce uncertainty in runoff estimation, thereby providing more reliable information for 

reservoir operation, flood warning, and emergency management. Consequently, more accurate 

runoff predictions can support timely management decisions and contribute to reducing the 

potential impacts of flood events.

3. Results and discussion

3.1. Evaluation of numerical rainfall forecasting models before and after bias correction

Raw precipitation forecasts generated by numerical weather prediction models contain 

systematic errors that reduce their accuracy. The support vector machine method was applied to 

correct the bias of the forecasts. The performance of the WRF and GFS models was evaluated with 

data from March 13 2019 through September 11 2022. The forecast horizon of the WRF model is 

up to the next 3 days. For this reason, the inter-model comparison is limited to a 3-day forecasting 

horizon. The forecast horizon of the GFS model is up to the next 16 days.
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Table 5 summarizes the correlation coefficient (R) obtained for the GFS and WRF 

precipitation forecasts over lead times of one to three days before and after SVR-based bias 

correction. Overall, bias correction consistently improved the correlation between forecasted and 

observed precipitation at all stations and for all forecasting horizons, demonstrating the 

effectiveness of the proposed post-processing approach. The R values before bias correction 

ranged from 0.23 to 0.91, whereas after correction they increased to a range of 0.44–0.98, 

indicating a substantial enhancement in forecast reliability. The magnitude of improvement varied 

among stations and forecasting horizons. For the GFS model, the largest increases were observed 

at the Bostan station for the 1- and 2-day forecasts, where the R coefficient increased from 0.34 to 

0.63 and from 0.23 to 0.53, respectively. The greatest improvement corresponding the 3-day 

forecast occurred at the Kermanshah station, where the R value increased from 0.70 to 0.90. 

Similarly, the WRF model showed marked improvements after bias correction, particularly at the 

Dereh Shahr, Harsin, and Ravansar stations, where the R coefficient increased from 0.68 to 0.90, 

from 0.56 to 0.87, and from 0.48 to 0.84, respectively. A comparison between the two numerical 

weather prediction models indicates that SVR-based bias correction enhanced the performance of 

both GFS and WRF forecasts, although the magnitude of improvement depended on the station 

and forecast lead time. These results suggest that the correction method effectively reduced 

systematic forecast errors and strengthened the agreement between simulated and observed 

precipitation. The consistent improvement across all stations is particularly important for flood 

forecasting because more reliable precipitation estimates provide a stronger basis for rainfall–

runoff simulations and subsequent forensic evaluation of flood events.

Table 6 presents the Root Mean Square Error (RMSE) values for the GFS and WRF 

precipitation forecasts over lead times of one to three days before and after SVR-based bias 

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



correction. Overall, bias correction reduced RMSE across most stations and forecasting horizons, 

with the overall range decreasing from 5.85–15.25 mm before correction to 3.30–13.21 mm after 

correction, indicating a clear improvement in forecast accuracy. For the GFS model, the largest 

reductions in RMSE were observed at the Sarableh, Noorabad Lorestan, and Bostan stations 

corresponding to the 1-, 2-, and 3-day forecasts, respectively. Similarly, the WRF model showed 

its greatest improvements at the Dareh Shahr station for the 1-day forecast and at the Sarableh 

station for the 2- and 3-day forecasts. Overall, the results indicate that the SVR-based bias 

correction effectively reduced precipitation forecast errors for both numerical weather prediction 

models, although the magnitude of improvement varied among stations and forecast lead times. 

These improvements provide more reliable precipitation inputs for rainfall–runoff modelling and 

subsequent flood forecasting.

Table 7 summarizes the percent bias (pBias) values for the GFS and WRF precipitation 

forecasts over lead times of one to three days before and after SVR-based bias correction. Since 

the optimal pBias value is zero, the results indicate that bias correction substantially reduced 

systematic errors in both numerical weather prediction models across most stations and forecasting 

horizons. Overall, the pBias range decreased from −42.5% to 42.5% before correction to −23% to 

14% after correction, demonstrating a marked reduction in forecast bias. The largest improvements 

for the GFS model were observed at the Sonqor station for the 1- and 2-day forecasts and at the 

Asadabad station for the 3-day forecast, whereas the WRF model exhibited its greatest 

improvements at the Dareh Shahr station for the 1- and 2-day forecasts and at the Sarableh station 

for the 3-day forecast. These results demonstrate that the SVR-based bias correction effectively 

reduced systematic overestimation and underestimation of precipitation forecasts, thereby 

providing more reliable inputs for hydrological modelling and flood forecasting.
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Table 8 presents the Nash–Sutcliffe Efficiency (NSE) values for the GFS and WRF precipitation 

forecasts over lead times of one to three days before and after SVR-based bias correction. Since 

an NSE value closer to one indicates better model performance, the results demonstrate that bias 

correction substantially improved the predictive skill of both numerical weather prediction models 

across most stations and forecasting horizons. Overall, the NSE values increased from a range of 

−1.85 to 0.77 before correction to 0.14–0.95 after correction, indicating a considerable 

enhancement in forecast performance. The largest improvements for the GFS model were observed 

at the Sonqor station for the 1-day forecast and at the Bostan station for the 2- and 3-day forecasts. 

Similarly, the WRF model showed its greatest improvements at the Harsin station for the 1-day 

forecast and at the Bostan station for the 2- and 3-day forecasts. Overall, the results indicate that 

SVR-based bias correction consistently enhanced the agreement between forecasted and observed 

precipitation, providing more reliable inputs for rainfall–runoff modelling and flood forecasting.

The observed improvements following SVR-based bias correction can be explained by the ability 

of machine learning algorithms to capture nonlinear relationships between numerical weather 

prediction outputs and ground observations. Raw precipitation forecasts produced by numerical 

weather prediction models are affected by systematic errors arising from simplified representations 

of atmospheric processes, uncertainties in initial conditions, and spatial resolution limitations. , 

The SVR model learned these systematic discrepancies from historical observations and 

effectively reduced forecast bias and improved the agreement between simulated and observed 

precipitation across different forecasting horizons. The larger improvements observed for longer 

lead times indicate that statistical post-processing becomes increasingly valuable as the uncertainty 

of numerical weather prediction models increases with forecasting horizon.

3.2. Examining the performance of models during flood events
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The two flood events of 2019 occurred on March 24-26 and March 31-April 2, at which 

time the results of the GFS global model and the WRF regional model were available. This section 

deals with the issue of how much the forecasting of these two models made without bias 

corrections can be modified and applied in the management and forecasting of floods. Therefore, 

for the two events in question the cumulative rainfall forecast values associated with the 3 days of 

each event were drawn as bar charts for the 1-, 2-, and 3-days forecast horizons at the event 

location. Data from rain gauge stations were compared to the observed values (see Figure 6 and 

Figure 7).

Figures 6 and 7 compare the observed precipitation with the forecasts produced by the raw and 

bias-corrected GFS and WRF models during the first and second flood events, respectively. 

Overall, both numerical weather prediction models successfully detected the occurrence and 

temporal evolution of the rainfall events. On the other had, before bias correction, both models 

systematically underestimated precipitation intensity and were unable to reproduce the observed 

peak rainfall accurately, particularly during extreme precipitation periods. For the first flood event 

(Figure 6), the benefits of SVR-based bias correction are clearly evident. At the Noorabad Lorestan 

station, where the observed peak precipitation reached 141.2 mm, the raw GFS forecasts for the 1-

, 2-, and 3-day lead times were 93.43, 70.65, and 55.12 mm, respectively, while the corresponding 

WRF forecasts were 79.00, 90.12, and 74.65 mm. The estimated peak precipitation increased 

substantially after bias correction and became much closer to the observations. The GFS-BC model 

provided the most accurate estimates for the 1- and 2-day forecasts, predicting peak rainfall of 

140.9 and 134.5 mm, respectively, whereas the WRF-BC model achieved the best performance 

for the 3-day forecast with an estimated peak of 117.5 mm. These results indicate that bias 
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correction considerably reduced the underestimation of heavy rainfall, although forecast accuracy 

generally decreased as the prediction horizon increased.

A similar pattern was observed during the second flood event (Figure 7). No precipitation data 

were available at the Poldokhtar station on the final day of the event, and for this reason this station 

was excluded from the analysis. At the Dareh Shahr station the observed maximum precipitation 

was 191 mm and both raw models substantially underestimated the rainfall peak. The uncorrected 

GFS forecasts for the 1-, 2-, and 3-day lead times were 96.7, 64.15, and 62.6 mm, respectively, 

whereas the corresponding WRF forecasts were 66.21, 69.4, and 35.12 mm. The GFS-BC model 

produced peak estimates of 118.7, 91.5, and 104.5 mm for the three forecasting horizons following 

bias correction, thus achieving a clear improvement over the raw forecasts. Similar improvements 

were observed for the WRF-BC model at the Noorabad Lorestan, Kangavar, and Nahavand 

stations, although peak precipitation remained underestimated during the most extreme rainfall 

conditions. A comparison of the forecasting scenarios demonstrates that SVR-based bias 

correction consistently improved the performance of both GFS and WRF models by reducing 

systematic underestimation of precipitation peaks. The relative performance of the two models 

varied among stations and forecasting horizons, and the WRF-BC model generally provided the 

most reliable precipitation estimates during the two flood events. Nevertheless, the remaining 

underestimation of the highest rainfall peaks, particularly for the 3-day forecasts, indicates that 

uncertainty increases with lead time and remains a challenge for extreme precipitation forecasting. 

Overall, the improved precipitation estimates obtained after bias correction provide more reliable 

inputs for rainfall–runoff simulations and strengthen the application of the proposed forensic 

engineering framework for flood forecasting and flood management.

3.3. Forensic engineering investigation of the flood events
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The evaluation presented in the previous section demonstrated that bias correction is 

necessary to improve the precipitation forecasts produced by the numerical weather prediction 

models. This section evaluates the effect of correcting the precipitation forecasts bias on the 

volume of generated runoff. This evaluation assesses the value of the bias correction for predicting 

flood events in the study area with a forensic engineering approach (i.e., in a hydrological forensic 

engineering sense). The observed and forecasted precipitation values were converted to runoff in 

each sub-basin of the study area based on Figure 5 and the runoff coefficients listed in Table 4. 

The observed and forecasted precipitation was spatially averaged for each prediction horizon using 

the Thiessen polygon method in each sub-basin. Next, the runoff was estimated by applying the 

runoff coefficient to the forecasted precipitation in each sub-basin. The percentage difference 

between the observed and forecasted runoff was obtained for each sub-basin.

3.3.1. The first flood event

Tables 9–11 summarize the percentage differences between the observed cumulative 

runoff and the runoff predicted using the GFS and WRF models before and after SVR-based bias 

correction for the 1-, 2-, and 3-day forecasting horizons. Overall, bias correction consistently 

reduced runoff prediction errors across all sub-basins. This demonstrates that improvements in 

precipitation forecasts were successfully propagated into the hydrological simulations.

The 1-day forecasts (Table 9) indicate the bias-corrected GFS model generally produced 

the smallest percentage differences from the observed runoff. The improvement was particularly 

evident in the Polchehr, Holeilan, Doab Kashkan, Cham Anjir, Seimareh, Jelogir, and Paypol sub-

basins, indicating that the GFS forecasts benefited more from bias correction than the WRF 

forecasts at the shortest lead time. The 2-day forecasts (Table 10) demonstrate the the relative 

model performance changed. The WRF-BC model showed greater reductions in runoff prediction 
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errors across most sub-basins, i.e., Poldokhtar Kashkan, Afarineh Kashkan, Doab Kashkan, 

Jelogir, and Paypol, while both models exhibited comparable performance in the Cham Anjir and 

Seimareh sub-basins. These results suggest that the regional WRF model provided more reliable 

runoff estimates than the GFS model after bias correction for intermediate forecasting horizons. A 

similar trend was observed for the 3-day forecasts (Table 11). Bias correction generally improved 

both forecasting models. Specifically, WRF-BC model achieved better agreement with the 

observed runoff in almost all sub-basins except Cham Anjir. The improvements obtained for the 

GFS and WRF models were generally comparable; however, the WRF-BC model produced more 

accurate runoff estimates over most of the study area. Considering the Paypol sub-basin, which 

represents the entire Karkheh watershed (45,616.4 km²), the forensic engineering analysis 

demonstrates a clear dependence of model performance on forecasting horizon. The GFS-BC 

model yielded the smallest runoff error for the 1-day forecast (−13%), whereas the WRF-BC model 

achieved the best performance for the 2-day (−25%) and 3-day (−21%) forecasts. Despite these 

improvements, all forecasting scenarios continued to underestimate the observed flood runoff, 

which signals that uncertainties associated with extreme rainfall events remain even after bias 

correction. Nevertheless, the consistent reduction in runoff prediction errors confirms that the 

proposed SVR-based bias correction substantially enhances the reliability of rainfall–runoff 

simulations and strengthens the application of the proposed forensic engineering framework for 

flood forecasting and flood management.

Figure 8 compares the observed cumulative runoff during the first flood event with the runoff 

simulated by the GFS and WRF models before and after SVR-based bias correction for the 1-, 2-

, and 3-day forecasting horizons. Overall, all forecasting scenarios underestimated the observed 

runoff in every sub-basin. However, bias correction consistently reduced the runoff prediction 
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error, resulting in simulated runoff volumes that were substantially closer to the observations, in 

agreement with the results presented in Tables 9–11.

The relative performance of the forecasting models varied with the prediction horizon. For the 1-

day forecasts, the GFS-BC model produced the most accurate runoff estimates across all sub-

basins, followed by the WRF-BC model, whereas the raw GFS and WRF models showed larger 

deviations from the observed runoff. For the 2-day forecasts, the WRF-BC model generally 

outperformed the other forecasting scenarios in most sub-basins, while the GFS-BC model ranked 

second. The raw GFS model performed slightly better than the raw WRF model in the Poldokhtar 

Kashkan, Afarineh Kashkan, and Cham Anjir sub-basins, while the opposite trend was observed 

in the Polchehr, Holeilan, and Seimareh sub-basins, and both models exhibited similar 

performance elsewhere. The WRF-BC model’s 3-day forecasts provided the closest agreement 

with the observed runoff in most sub-basins, i.e., in the Poldokhtar Kashkan, Afarineh Kashkan, 

Doab Kashkan, Jelogir, and Paypol sub-basins, indicating that the regional WRF model benefited 

more from bias correction for longer forecasting horizons. This finding is further illustrated in the 

Paypol sub-basin, which represents the entire study area (45,616.4 km²). The observed cumulative 

runoff during the first flood event was 1258.9 million m³, while the GFS-BC model estimated 

1097.4 million m³ for the 1-day forecast. For the 2- and 3-day forecasts, the WRF-BC model 

produced runoff estimates of 941.0 and 990.5 million m³, respectively. Overall, these results 

demonstrate that bias correction substantially improved runoff prediction accuracy and that its 

effectiveness depended on both the forecasting horizon and the numerical weather prediction 

model, thereby strengthening the reliability of the proposed forensic engineering framework for 

flood forecasting.

3.3.2. The second flood event
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Tables 12–14 present the percentage differences between the observed cumulative runoff 

and the runoff simulated by the GFS and WRF models before and after SVR-based bias correction 

for the second flood event, corresponding to the 1-, 2-, and 3-day forecasting horizons. Overall, 

bias correction consistently reduced runoff prediction errors across all sub-basins, demonstrating 

that the improvements achieved in precipitation forecasts were successfully transferred to the 

hydrological simulations. The 1-day forecasts (Table 12) show that the WRF-BC model generally 

provided more accurate runoff estimates than the GFS-BC model, with the exception of the Cham 

Anjir sub-basin. Bias correction improved both forecasting models, with the reduction in 

percentage error being more pronounced for the GFS model in the Polchehr, Holeilan, Doab 

Kashkan, Cham Anjir, Seimareh, and Jelogir sub-basins. This demonstrates that that the GFS 

forecasts benefited more from bias correction at the shortest lead time. The 2-day forecasts (Table 

13) indicate the WRF-BC model consistently outperformed the GFS-BC model across all sub-

basins. The largest improvements following bias correction were observed in the Holeilan, 

Poldokhtar Kashkan, Afarineh Kashkan, Doab Kashkan, Seimareh, Jelogir, and Paypol sub-basins 

and demonstrate that the regional WRF model produced more reliable runoff estimates for 

intermediate forecasting horizons. A similar pattern was observed for the 3-day forecasts (Table 

14). Both forecasting models benefited from bias correction. The WRF-BC model achieved better 

agreement with the observed runoff in all sub-basins except Seimareh. The greatest improvements 

were obtained in the Polchehr, Poldokhtar Kashkan, Afarineh Kashkan, Doab Kashkan, and Cham 

Anjir sub-basins and confirm the effectiveness of bias correction for longer forecasting horizons. 

The Paypol sub-basin, which represents the entire Karkheh watershed (45,616.4 km²), provides an 

overall measure of model performance at the basin scale. The WRF-BC model produced the 

smallest runoff differences for the 1-, 2-, and 3-day forecasts with percentage errors of −9%, −1%, 
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and −13%, respectively. Despite these improvements all forecasting scenarios continued to 

underestimate the observed runoff. This demonstrates that uncertainty remains in predicting 

extreme flood events. Nevertheless, the consistent reduction in runoff prediction errors 

demonstrates that integrating SVR-based bias correction with numerical weather prediction 

models substantially enhances the reliability of rainfall–runoff simulations and strengthens the 

proposed forensic engineering framework for operational flood forecasting and flood management.

Figure 9 compares the observed cumulative runoff during the second flood event with the runoff 

simulated by the GFS and WRF models before and after SVR-based bias correction for the 1-, 2-, 

and 3-day forecasting horizons. Overall, all forecasting scenarios underestimated the observed 

runoff across most sub-basins. However, applying SVR-based bias correction consistently reduced 

the runoff prediction errors and produce runoff estimates that were substantially closer to the 

observations that are in agreement with the results presented in Tables 12–14. The relative 

performance of the forecasting models varied with the prediction horizon. The 1-day forecasts 

show that the WRF-BC model generally provided the most accurate runoff estimates in most sub-

basins, followed by the GFS-BC model, whereas the raw WRF and GFS models exhibited larger 

deviations from the observed runoff. The raw GFS and WRF models showed comparable 

performance across most sub-basins and prove that the primary improvement resulted from the 

bias-correction procedure rather than from differences between the original numerical weather 

prediction models. The 2-day forecasts demonstrate the WRF-BC model maintained the best 

overall performance, while the GFS-BC model ranked second in this respect. The raw GFS model 

slightly outperformed the raw WRF model in most sub-basins. However, the WRF model produced 

more accurate runoff estimates in the Polchehr sub-basin which highlights the spatial variability 

in model performance across the watershedee The 3-day forecasts show the superiority of the 
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WRF-BC model became more evident as it provided the closest agreement with the observed 

runoff in all sub-basins. The ranking of model performance from most to least accurate was WRF-

BC, WRF, GFS-BC, and GFS. This shows the regional WRF model retained higher predictive 

skill than the global GFS model at longer lead times following bias correction. The Paypol sub-

basin, representing the entire Karkheh watershed (45,616.14 km²) further illustrates these findings. 

The observed cumulative runoff during the second flood event reached 1478.6 million m³, whereas 

the WRF-BC model estimated runoff volumes of 1341.3, 1282.9, and 1141.7 million m³ for the 1-

, 2-, and 3-day forecasting horizons, respectively. The runoff remained underestimated, yet, the 

bias-corrected WRF model substantially reduced the prediction error and demonstrated the highest 

reliability among all forecasting scenarios. These findings confirm that integrating SVR-based bias 

correction with numerical weather prediction models significantly improves runoff simulation and 

enhances the practical applicability of the proposed forensic engineering framework for flood 

forecasting and reservoir operation.

The propagation of improved precipitation forecasts into rainfall–runoff simulations demonstrates 

the strong sensitivity of hydrological predictions to precipitation uncertainty. Runoff generation is 

a nonlinear process in which relatively small improvements in precipitation estimates can produce 

substantial reductions in runoff prediction errors, particularly during extreme flood events. All 

forecasting scenarios continued to underestimate the observed runoff but the bias-corrected 

forecasts consistently reduced these errors across nearly all sub-basins. This finding highlights the 

importance of incorporating statistical post-processing into operational flood forecasting systems 

before hydrological modelling is undertaken.

The results obtained in this study are consistent with previous investigations reporting that 

statistical post-processing methods improve the performance of numerical weather prediction 
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models. Similar improvements following bias correction have been reported by Ngai et al. (2017), 

Amin Yavari et al. (2019), Medina and Tian (2020), and Kolachian et al. (2019), who demonstrated 

that statistical correction techniques substantially enhance precipitation forecasting accuracy. 

However, unlike previous studies that primarily evaluated meteorological performance using 

statistical indices, the present study further quantifies how improvements in precipitation forecasts 

propagate through rainfall–runoff simulations within a forensic engineering framework. This 

integrated evaluation provides a more comprehensive assessment of forecasting performance by 

linking meteorological uncertainty directly to flood prediction accuracy and flood management. 

This paper’s results show the advantages and of the application of bias-corrected numerical 

weather prediction models.

4. Concluding remarks

This study proposed an integrated forensic engineering framework to evaluate the performance of 

the GFS and WRF numerical weather prediction models before and after Support Vector 

Regression (SVR)-based bias correction for flood forecasting in the Karkheh watershed, 

southwestern Iran. Rainfall forecasts were evaluated against observations from rain gauge stations, 

and the bias-corrected precipitation forecasts were subsequently used to estimate runoff in the 

watershed sub-basins. The results demonstrated that applying SVR-based bias correction 

substantially improved the performance of both numerical weather prediction models and 

enhanced the accuracy of rainfall–runoff simulations.

The evaluation based on the Nash–Sutcliffe Efficiency (NSE) index confirmed the effectiveness 

of the proposed bias-correction approach. For the GFS model, the average NSE values for the 1-, 

2-, and 3-day forecasting horizons increased from 0.38, 0.38, and 0.26 before bias correction to 

0.72, 0.63, and 0.55, respectively, after bias correction. Similarly, for the WRF model, the average 
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NSE values improved from 0.37, 0.43, and 0.30 to 0.70, 0.67, and 0.59, respectively. These results 

demonstrate that raw numerical weather prediction outputs contain systematic errors and should 

be statistically post-processed before being used for operational flood forecasting.

The forensic engineering analysis further showed that the improvements in precipitation 

forecasting were successfully propagated into runoff simulations. The observed runoff in the 

Paypol sub-basin (45,616.4 km²), which represents the entire study area, reached 1258.9 million 

m³ during the first flood event. The GFS-BC model produced the most accurate runoff estimates 

for the 1-day forecasting horizon, whereas the WRF-BC model achieved the best performance for 

the 2- and 3-day forecasting horizons. The reduction in runoff prediction error between the raw 

GFS and GFS-BC forecasts for the 1-day horizon reached 73.4 million m³, while the corresponding 

improvements achieved by the WRF-BC model for the 2- and 3-day horizons were 136.6 and 78.9 

million m³, respectively.

The observed runoff in the Paypol sub-basin increased to 1478.6 million m³ during the second 

flood event. The WRF-BC model consistently outperformed the other forecasting scenarios for the 

1-, 2-, and 3-day forecasting horizons associated with this event. Bias correction reduced runoff 

prediction errors by 74.6, 162.0, and 50.4 million m³ for the 1-, 2-, and 3-day forecast horizons, 

respectively, compared with the raw WRF forecasts. These values represent a reduction in 

prediction error relative to the raw forecasts rather than the total flood runoff volumes. These 

results demonstrate the considerable benefit of statistical post-processing for operational flood 

forecasting.

These findings are consistent with the 2019 Special Flood Committee meteorological report 

(SRCIF, 2019a), which concluded that the underestimation of precipitation forecasts adversely 

affected flood management during the 2019 Iranian flood. The present study demonstrates that 
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applying SVR-based bias correction substantially improves precipitation and runoff forecasting. 

This reduces one of the key sources of uncertainty that contributed to flood management failures 

during this event. Overall, this study demonstrates that integrating numerical weather prediction 

models, machine learning-based bias correction, and forensic engineering provides a 

comprehensive framework for improving flood forecasting accuracy. The proposed methodology 

has the potential to support operational reservoir operation, flood early-warning systems beyond 

the 2019 Karkheh flood, and water resources management in other regions exposed to extreme 

hydrological events. Future studies may investigate the applicability of the proposed framework 

using additional flood events, different climatic regions, and alternative machine-learning bias-

correction techniques to further assess its generality and operational robustness.
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Table 1. Characteristics of the weather stations in the studied area.

No. Name Latitude
 (North degree)

Longitude
 (East degree) Elevation (m) Established year

1 Ravansar 34.71 46.65 1380 1998
2 Kermanshah 34.35 47.15 1319 1942
3 Kangavar 34.50 47.98 1468 1987
4 Nurabad (Lorestan) 34.05 48.00 1859 2000
5 Malayer 34.25 48.86 1777 1991
6 Alashtar 33.82 48.25 1567 1996
7 Eslamabad-e-Gharb 34.12 46.47 1349 1987
8 Khorramabad 33.44 48.28 1148 1949
9 Poldokhtar 33.15 47.72 714 1998
10 Bostan 31.71 48.01 8 1986
11 Darrehshahr 33.14 47.41 670 2002
12 Toyserkan 34.55 48.43 1783 2003
13 Nahavand 34.14 48.41 1678 1992
14 Asadabad 34.77 48.12 1552 2010
15 Kamyaran 34.80 46.93 1404 2000
16 Sonqor 34.78 47.58 1700 2000
17 Harsin 34.27 47.55 1546 2006
18 Kuhdasht 33.52 47.65 1198 1987
19 Loumar 33.56 46.83 850 2006
20 Sarableh 33.79 46.58 1045 2006
21 Romeshkan 33.28 47.50 1089 2011
22 Sararud 34.33 47.29 1362 1989

Table 2. Some of the investigated microphysics schemes available in the WRF model.

mp physics Schema name Reference Mass mixing ratio calculation

1 WDM Lim and Hong (2010) Cloud water, rain, snow, ice and snowflakes

2 NSSL Ziegler (1985) Cloud water, rain, snow, ice, snowflakes and hail

3 MYDM-7 Milbrandt and Yau (2005) Cloud water, rain, snow, ice, snowflakes and hail

WDM: WRF Double-Moment 6-class scheme
NSSL: National Severe Storms Laboratory
MYDM-7: Milbrandt-Yau Double-Moment 7-class scheme

Table 3. Characteristics of the weather forecasting models.
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Model Data center Spatial resolution (km) Forecast horizon (days)
GFS NCEP 13 16
WRF WRI 8 3

Table 4. Characteristics of different sub-basins of the study area.

The name of the subbasin Runoff coefficient Area (km2)
Cham Anjir 0.54 1773.07

Doab Kashkan 0.69 4498.09
Afarineh-Kashkan 0.58 7685.29

Poldokhtar-Kashkan 0.64 9825.98
Polchehr 0.225 12032.27
Holeilan 0.23 21528.7
Seimareh 0.18 27064.25

Jelogir 0.30 41903.59
Paypol 0.31 45616.4

Table 5. R index values for the WRF and GFS forecasting models with 3-days ahead forecasts 

without and with bias correction.

GFS WRF
Lead Time 

1
Lead Time 

2
Lead Time 

3
Lead Time 

1
Lead Time 

2
Lead Time 

3Station name

R R-bc R R-bc R R-bc R R-bc R R-bc R R-bc
Alashtar 0.75 0.92 0.75 0.81 0.68 0.75 0.75 0.86 0.84 0.91 0.81 0.81

Asadabad 0.82 0.90 0.75 0.72 0.70 0.87 0.87 0.97 0.85 0.93 0.66 0.79
Bostan 0.34 0.63 0.23 0.53 0.28 0.44 0.32 0.47 0.37 0.49 0.31 0.53

Darrehshahr 0.75 0.91 0.80 0.88 0.72 0.76 0.68 0.90 0.79 0.89 0.75 0.83
Eslamabad-E-Gharb 0.72 0.89 0.66 0.80 0.76 0.86 0.72 0.77 0.67 0.74 0.73 0.76

Harsin 0.73 0.91 0.61 0.85 0.62 0.51 0.52 0.69 0.56 0.87 0.64 0.83
Kamyaran 0.85 0.88 0.81 0.94 0.70 0.83 0.78 0.81 0.84 0.92 0.61 0.87
Kangavar 0.84 0.89 0.75 0.79 0.67 0.82 0.76 0.80 0.75 0.70 0.71 0.83

Kermanshah 0.71 0.74 0.70 0.74 0.70 0.90 0.72 0.86 0.75 0.86 0.59 0.79
Khorramabad 0.64 0.70 0.70 0.74 0.65 0.66 0.58 0.70 0.66 0.74 0.67 0.61

Kuhdasht 0.74 0.82 0.74 0.82 0.67 0.69 0.68 0.83 0.76 0.90 0.59 0.78
Loumar 0.74 0.91 0.78 0.93 0.76 0.86 0.73 0.92 0.71 0.77 0.74 0.81
Malayer 0.56 0.70 0.65 0.86 0.51 0.54 0.60 0.77 0.77 0.87 0.71 0.81

Nahavand 0.64 0.89 0.71 0.73 0.58 0.65 0.81 0.95 0.86 0.94 0.65 0.86
Nurabad (Lorestan) 0.78 0.92 0.85 0.98 0.61 0.72 0.84 0.94 0.91 0.97 0.71 0.85

Poldokhtar 0.85 0.87 0.70 0.75 0.63 0.73 0.86 0.95 0.68 0.83 0.78 0.80
Ravansar 0.84 0.87 0.79 0.90 0.68 0.81 0.73 0.81 0.78 0.81 0.48 0.84

Romeshkan 0.77 0.90 0.76 0.84 0.73 0.79 0.73 0.95 0.82 0.87 0.75 0.95
Sarableh 0.72 0.94 0.67 0.69 0.70 0.84 0.75 0.92 0.65 0.90 0.76 0.93

Sararud (Kermanshah) 0.81 0.94 0.76 0.72 0.75 0.91 0.83 0.91 0.79 0.61 0.61 0.56
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Sonqor 0.78 0.82 0.71 0.86 0.67 0.51 0.83 0.88 0.75 0.73 0.41 0.69
Toyserkan 0.84 0.88 0.80 0.87 0.68 0.86 0.73 0.79 0.75 0.84 0.65 0.64

bc: the index representing results obtained after applying the bias correction.

Table 6. RMSE index values for the WRF and GFS forecasting models with a 3-days ahead 

forecasting horizon without and with bias correction.

GFS WRF
Lead Time 1 Lead Time 2 Lead Time 3 Lead Time 1 Lead Time 2 Lead Time 3Station name
RMS

E
RMS
E-bc

RMS
E

RMSE-
bc

RMS
E

RMSE-
bc RMSE RMS

E-bc
RMS

E
RMSE-

bc
RMS

E
RMS
E-bc

Alashtar 10.2 5.4 9.7 8.4 11.7 9.1 8.8 6.9 7.9 5.9 7.6 7.5
Asadabad 7.5 5.8 8.5 9.8 9.6 6.3 6.3 3.3 7.5 5.5 8.5 7.2

Bostan 9.8 7.6 11.8 7.7 15.3 8.2 10.2 7.9 12.4 7.8 12.8 8.0
Darrehshahr 11.7 6.9 10.1 7.9 11.9 11.2 12.7 7.0 12.6 8.8 13.5 11.2

Eslamabad-E-Gharb 8.8 4.9 8.7 6.5 7.8 5.6 6.9 5.0 8.3 7.6 7.4 7.2
Harsin 10.4 4.8 11.6 6.2 9.2 9.7 10.2 6.3 10.8 5.8 8.9 6.4

Kamyaran 6.4 5.2 6.6 3.8 8.0 6.1 7.1 6.1 6.1 4.5 7.4 4.6
Kangavar 6.9 5.6 8.6 7.5 9.3 7.4 6.9 6.3 8.8 9.5 8.9 7.3

Kermanshah 8.9 7.8 8.7 7.6 8.3 4.8 9.3 6.2 8.3 6.1 8.7 6.4
Khorramabad 10.8 9.2 9.5 8.4 11.8 9.4 10.8 9.1 10.5 9.1 9.1 9.4

Kuhdasht 8.1 5.6 7.3 5.7 7.5 6.9 8.4 6.2 7.1 4.6 9.5 6.5
Loumar 10.2 5.5 8.7 4.9 9.1 7.2 7.6 4.2 10.3 9.5 10.6 9.0
Malayer 12.6 10.4 11.1 7.4 13.1 12.2 11.1 9.3 10.9 8.3 8.1 6.4

Nahavand 13.9 8.2 11.8 11.7 14.1 12.5 9.5 4.9 10.5 6.1 9.9 7.5
Nurabad (Lorestan) 11.1 7.1 9.6 3.9 14.3 13.2 9.6 5.9 9.1 4.8 9.9 7.6

Poldokhtar 7.9 5.6 9.1 7.8 11.7 7.8 6.3 3.9 9.3 6.8 8.1 7.9
Ravansar 6.2 5.1 6.6 4.6 8.0 6.4 7.2 5.3 6.9 6.5 9.2 5.6

Romeshkan 9.8 5.9 9.0 7.6 9.8 8.2 9.6 4.2 8.3 7.2 9.6 4.7
Sarableh 12.1 5.8 12.2 12.4 11.9 9.0 9.6 5.3 13.2 7.7 11.7 6.5
Sararud 

(Kermanshah) 7.4 4.1 8.0 7.4 6.7 4.2 8.3 4.6 8.6 9.2 7.3 7.2

Sonqor 7.8 4.2 7.3 3.5 5.9 6.0 6.0 3.4 7.1 5.0 5.9 3.6
Toyserkan 6.1 5.1 6.6 5.1 7.9 5.4 7.6 6.0 8.1 6.5 8.9 8.4

bc: the index representing the model results with the bias correction.

Table 7. pBias index values for the WRF and GFS forecasting models with a 3-day ahead 

forecasting horizon without and with bias correction.

GFS WRF
Lead Time 1 Lead Time 2 Lead Time 3 Lead Time 1 Lead Time 2 Lead Time 3Station name

PBias PBias-
bc PBias PBias-

bc PBias PBias-
bc PBias PBias-

bc PBias PBias-
bc PBias PBias-

bc
Alashtar 2.5 0.4 -4.6 -3.1 -2.5 -2.0 -11.0 -9.0 -11.3 -4.9 -1.9 -1.4
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Asadabad -21.0 -2.7 -17.5 -12.7 -31.5 -3.9 8.7 -4.4 12.4 6.4 7.4 -4.6

Bostan -23.3 -11.6 -17.6 -13.8 -12.8 -9.1 -29.9 -23.0 -7.9 -5.2 -21.9 -12.3

Darrehshahr -6.6 -5.3 -16.6 -12.3 -16.1 -12.2 -42.5 -4.7 -38.2 -11.4 -42.4 -18.3

Eslamabad-E-Gharb -2.2 -1.7 -11.0 -7.4 -24.0 -15.3 -7.2 -5.2 -13.1 -10.0 -28.0 -17.3

Harsin 9.1 -5.8 11.7 6.6 -11.2 -7.9 0.5 -0.3 -3.1 -2.2 -7.0 -5.6

Kamyaran 4.1 -2.7 0.8 -0.6 -5.1 -3.7 11.5 6.7 0.1 -0.1 -1.4 -1.1

Kangavar -12.0 -7.7 -5.3 -3.5 -28.3 -8.7 -8.8 -6.7 -13.6 -11.0 -19.3 -15.5

Kermanshah 2.4 -1.8 -3.9 -2.6 -20.9 -6.0 1.6 -1.1 -6.3 -5.2 -25.2 -10.6

Khorramabad -12.8 -8.7 -15.8 -10.3 -10.1 -6.8 -32.0 -11.6 -29.6 -17.5 -18.8 -15.2

Kuhdasht 25.1 11.9 19.8 10.0 6.1 -3.7 9.1 -5.1 10.0 0.0 20.0 12.3

Loumar 0.4 -0.3 -7.2 -5.5 -20.1 -8.7 -28.4 5.9 -24.7 -21.3 -38.9 -19.6

Malayer -8.4 -6.0 -13.5 -11.9 -16.7 -11.5 -17.5 -13.7 -25.9 -18.3 -10.0 -7.2

Nahavand 15.2 8.8 1.7 -1.2 2.3 -1.6 -24.2 -8.5 -26.1 -10.3 -22.5 -13.0

Nurabad (Lorestan) -5.9 1.7 -10.7 -1.6 -16.1 -12.8 -13.7 -1.0 -13.6 -4.3 -4.5 -3.3

Poldokhtar 4.9 -3.3 2.2 -1.4 3.5 -2.3 -15.7 -2.7 -10.8 -2.5 6.1 -3.2

Ravansar -6.3 -4.6 -6.8 -5.1 -9.7 -7.2 7.4 -4.6 3.7 -2.7 0.7 -0.5

Romeshkan 7.1 -5.9 1.2 -0.8 -6.8 -4.7 -7.6 -5.9 -9.4 0.8 -4.6 -3.6

Sarableh -12.1 -11.3 -21.7 -16.4 -30.2 -18.9 -7.6 -5.0 -18.3 -12.9 -33.2 -6.0

Sararud (Kermanshah) 17.1 10.9 14.9 7.7 -4.7 0.7 25.8 5.8 28.7 13.0 11.8 6.1

Sonqor 34.3 14.7 42.5 7.2 13.1 6.6 22.3 12.8 29.8 14.8 17.3 10.2

Toyserkan 1.6 -1.0 0.2 -0.1 -11.3 -7.4 28.4 13.4 23.3 5.5 23.9 11.2
bc: the index representing the model results obtained with the bias correction.

Table 8. NSE index values for the WRF and GFS forecasting models, with a 3-day forecasting 

horizon without and with bias correction.

GFS WRF
Lead Time 1 Lead Time 2 Lead Time 3 Lead Time 1 Lead Time 2 Lead Time 3Station name
NSE NSE

-bc NSE NSE
-bc NSE NSE

-bc NSE NSE
-bc NSE NSE

-bc NSE NSE
-bc

Alashtar 0.43 0.84 0.48 0.62 0.26 0.55 0.54 0.72 0.70 0.83 0.65 0.65
Asadabad 0.65 0.79 0.55 0.40 0.43 0.75 0.75 0.93 0.69 0.84 0.41 0.57

Bostan -0.21 0.28 -0.74 0.26 -1.85 0.18 -0.41 0.14 -1.06 0.17 -0.90 0.26
Darrehshahr 0.50 0.83 0.62 0.77 0.49 0.55 0.35 0.80 0.49 0.75 0.41 0.59

Eslamabad-E-Gharb 0.30 0.78 0.31 0.61 0.45 0.72 0.24 0.59 0.42 0.51 0.48 0.51
Harsin 0.14 0.81 -0.07 0.70 0.33 0.25 -0.38 0.47 0.15 0.76 0.37 0.68

Kamyaran 0.65 0.76 0.62 0.88 0.44 0.68 0.52 0.64 0.70 0.84 0.33 0.74
Kangavar 0.67 0.78 0.50 0.62 0.42 0.64 0.56 0.64 0.55 0.48 0.49 0.66

Kermanshah 0.36 0.52 0.39 0.54 0.45 0.82 0.40 0.73 0.51 0.74 0.30 0.62
Khorramabad 0.24 0.45 0.41 0.54 0.10 0.43 0.25 0.46 0.38 0.53 0.38 0.34

Kuhdasht 0.28 0.65 0.42 0.64 0.39 0.48 0.30 0.62 0.55 0.81 0.16 0.60
Loumar 0.43 0.83 0.58 0.87 0.54 0.71 0.48 0.84 0.47 0.55 0.43 0.59
Malayer 0.23 0.48 0.40 0.74 0.18 0.28 0.33 0.54 0.51 0.72 0.43 0.65
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Nahavand 0.28 0.75 0.47 0.48 0.26 0.41 0.62 0.90 0.64 0.88 0.38 0.64
Nurabad (Lorestan) 0.61 0.84 0.71 0.95 0.36 0.45 0.68 0.88 0.77 0.94 0.51 0.71

Poldokhtar 0.52 0.76 0.36 0.53 -0.05 0.54 0.72 0.89 0.43 0.69 0.56 0.58
Ravansar 0.65 0.76 0.60 0.81 0.40 0.63 0.34 0.65 0.59 0.64 0.15 0.69

Romeshkan 0.47 0.81 0.54 0.67 0.47 0.63 0.46 0.90 0.67 0.75 0.55 0.89
Sarableh 0.42 0.87 0.41 0.38 0.43 0.68 0.45 0.84 0.40 0.79 0.50 0.84

Sararud (Kermanshah) 0.45 0.83 0.36 0.45 0.55 0.82 0.40 0.81 0.35 0.27 0.23 0.26
Sonqor -0.36 0.60 -0.20 0.73 0.22 0.20 0.25 0.76 0.00 0.51 -0.44 0.46

Toyserkan 0.66 0.76 0.59 0.76 0.43 0.73 0.31 0.57 0.47 0.66 0.31 0.39
bc: the index representing the model results with the bias correction.

Table 9. The percentage difference between the forecasted runoff and the observed runoff for a 

1-day ahead horizon.

Day1
Subbasin Runoff 

coefficient
Area 

(km2)
Observed flood volume 

(mcm) GFS GFS-BC WRF WRF-BC
Polghehr 0.225 12032.3 219.7 -29 -20 -29 -24
Holeilan 0.23 21528.7 379.6 -19 -11 -19 -13

Poldokhtar-kashkan 0.64 9826.0 717.5 -19 -17 -33 -28
Afarineh-kashkan 0.58 7685.3 510.8 -23 -18 -33 -27

Doab-kashkan 0.69 4498.1 364.1 -24 -9 -33 -24
Cham Anjir 0.54 1773.1 105.8 -48 -33 -33 -33
Seimareh 0.18 27064.3 359.2 -18 -10 -18 -13

Jelogir 0.3 41903.6 1072.0 -18 -12 -26 -21
Paypol 0.31 45616.4 1258.9 -19 -13 -28 -22

Table 10. The percentage difference between the forecasted runoff and the observed runoff for a 

2-days ahead horizon.

Day2
Subbasin Runoff 

coefficient
Area 

(km2)
Observed flood volume 

(mcm) GFS GFS-
BC

WR
F

WRF-
BC

Polghehr 0.225 12032.3 219.7 -48 -37 -30 -24
Holeilan 0.23 21528.7 379.6 -33 -26 -22 -18

Poldokhtar-
kashkan 0.64 9826.0 717.5 -46 -34 -52 -37

Afarineh-kashkan 0.58 7685.3 510.8 -49 -36 -53 -37
Doab-kashkan 0.69 4498.1 364.1 -47 -30 -45 -28

Cham Anjir 0.54 1773.1 105.8 -56 -49 -66 -53
Seimareh 0.18 27064.3 359.2 -30 -26 -20 -16

Jelogir 0.3 41903.6 1072.0 -34 -28 -33 -24
Paypol 0.31 45616.4 1258.9 -36 -30 -36 -25
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Table 11. The percentage difference between the forecasted runoff and the observed runoff for a 

3-days ahead horizon.

Day3
Subbasin

Runoff 
coefficie

nt

Area 
(km2)

Observed flood 
volume (mcm) GF

S GFS-BC WRF WRF-BC

Polghehr 0.225 12032.3 219.7 -59 -47 -24 -20
Holeilan 0.23 21528.7 379.6 -50 -38 -14 -11

Poldokhtar-kashkan 0.64 9826.0 717.5 -47 -43 -45 -30
Afarineh-kashkan 0.58 7685.3 510.8 -47 -45 -46 -30

Doab-kashkan 0.69 4498.1 364.1 -49 -40 -42 -27
Cham Anjir 0.54 1773.1 105.8 -43 -32 -53 -38
Seimareh 0.18 27064.3 359.2 -47 -37 -13 -10

Jelogir 0.3 41903.6 1072.0 -47 -36 -25 -19
Paypol 0.31 45616.4 1258.9 -48 -38 -28 -21

Table 12. The percentage difference between the forecasted runoff and the observed flood 

volume for a 1-day ahead horizon.

Day1
Subbasin

Runoff 
coefficien

t
Area (km2) Observed flood 

volume (mcm) GFS GFS-BC WRF WRF-BC
Polghehr 0.225 12032.3 327.6 -41 -17 -20 -10
Holeilan 0.23 21528.7 549.3 -26 -11 -11 -9

Poldokhtar-kashkan 0.64 9826.0 537.6 -10 -5 -9 3
Afarineh-kashkan 0.58 7685.3 385.6 -17 -6 -11 3

Doab-kashkan 0.69 4498.1 315.5 -33 -10 -18 -2
Cham Anjir 0.54 1773.1 60.4 14 3 4 16
Seimareh 0.18 27064.3 512.0 -15 -10 -6 -8

Jelogir 0.3 41903.6 1283.5 -14 -11 -10 -7
Paypol 0.31 45616.4 1478.6 -16 -13 -14 -9

Table 13. The percentage difference between the forecasted runoff and the observed runoff for a 

2-days ahead horizon.

Day2
Subbasin Runoff 

coefficient
Area 

(km2)
Observed flood volume 

(mcm) GF
S

GFS-
BC

WR
F

WRF-
BC

Polghehr 0.225 12032.3 327.6 -46 -24 -29 -10
Holeilan 0.23 21528.7 549.3 -30 -21 -24 -8
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Poldokhtar-kashkan 0.64 9826.0 537.6 -14 -10 -10 -1
Afarineh-kashkan 0.58 7685.3 385.6 -17 -12 -12 -1

Doab-kashkan 0.69 4498.1 315.5 -28 -13 -17 -1
Cham Anjir 0.54 1773.1 60.4 7 -10 1 -2
Seimareh 0.18 27064.3 512.0 -24 -19 -21 -8

Jelogir 0.3 41903.6 1283.5 -23 -18 -21 -10
Paypol 0.31 45616.4 1478.6 -26 -21 -24 -13

Table 14. The percentage difference between the forecasted runoff and the observed runoff for 

3-days ahead horizon.

Day3
Subbasin

Runoff 
coefficien

t
Area (km2) Observed flood 

volume (mcm)
GFS GFS-BC WRF WRF-BC

Polghehr 0.225 12032.3 327.6 -65 -50 -40 -24
Holeilan 0.23 21528.7 549.3 -46 -39 -21 -21

Poldokhtar-kashkan 0.64 9826.0 537.6 -32 -29 -34 -20
Afarineh-kashkan 0.58 7685.3 385.6 -37 -34 -34 -20

Doab-kashkan 0.69 4498.1 315.5 -51 -45 -38 -23
Cham Anjir 0.54 1773.1 60.4 -6 -12 -25 -12
Seimareh 0.18 27064.3 512.0 -35 -33 -11 -17

Jelogir 0.3 41903.6 1283.5 -35 -31 -21 -20
Paypol 0.31 45616.4 1478.6 -37 -32 -26 -23
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Figure 1. Flowchart for this paper’s methodology.

Figure 2. The study area and the location of the weather stations.

Figure 3. Software structure of WRF model (Skamarock et al. 2008)

Obtain GFS model data 
from NCEP

Obtain WRF model data 
from WRI Obtain Precipitation 

observation data from IRIMO 
stations

Observation data

Temporal data extraction from 
NETCDF and GEOTIFF on 

Station Position with R
Comparison and secondary 

evaluation of model and 
observational data

Model data

Preprocessing
Preliminary processing of 
observational data with R

Comparison and primary 
evaluation of model and 

observational data

Calculation of evaluation 
indicators in R

Bias correction using SVR for each station and each lead time 
with R

Bias Correction-BC

Evaluation

St
ep

-1
St

ep
-2

Step-4

Forensic engineering evaluation of flood events 
by providing conflict indicators

Forensic engineering analysis of 
flood events

Step-5

Conversion of precipitation to flood 
volume in flood events

Calculation of spatial average of 
observational precipitation for each sub-

basin

Calculating the average spatial 
precipitation of meteorological forecasting 
models GFS And WRF Before and after

bias correction for each sub-basin

Calculation of flood volume for each sub-
basin in flood events

Providing a solution for the optimal use of 
meteorological forecasting models and the use 

of lessons learned to control and manage 
future flood events

St
ep

-3

ACCEPTED MANUSCRIPT

ARTIC
LE

 IN
 PR

ES
S

ARTICLE IN PRESS



Figure 4. The relationship between different schemes of the WRF model (Skamarock et al. 

2008)

Figure 5. Division of the studied basin into several sub-basins and the location of hydrometric 

stations.
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Accumulation 2 days

Accumulation 3 days

Figure 6. Observed and forecasted rainfall at the stations for 1-, 2-, and 3-days ahead horizons 

(first flood event).
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Accumulation 2 days

Accumulation 3 days

Figure 7. Observed forecasted rainfall at the stations for the 1-, 2-, and 3-days ahead horizons 

(second flood event)
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Day2

Day3

Figure 8. Comparison of observed and forecasted runoff in the study sub-basins for the 1-, 2-, 

and 3-days ahead horizons (first flood event).
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Day1

Day2

Day3

Figure 9. Comparison of the observed and forecasted runoff in the study sub-basins for the 1-, 2, 

and 3-days horizons (second flood event).
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