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Lay Abstract  

Floods are common and increasing deadly natural hazards in the world. Predicting 

floods in advance using Flood Early Warning System (FEWS) can facilitate flood 

mitigation. Radar Quantitative Precipitation Estimates (QPEs) can provide real-time, 

spatially, and temporally continuous precipitation data. This research focuses on bias-

correcting and evaluating radar QPEs for hydrologic forecasting. The corrected QPE are 

applied into a framework connecting hydrological and hydraulic models for operational 

flood forecasting in urban watersheds in Canada. The key contributions include:  (1) 

Dual-polarized radar QPEs is a useful precipitation input to calibrate, validate and run 

hydrological models; (2) Radar-gauge merging enhance accuracy and reliability of radar 

QPEs; (3) Floods could be more accurately predicted by integrating hydrological and 

hydraulic models in one framework using bias-corrected Radar QPEs; and (4) Gauge-

calibrated hydrological models can be run effectively using the bias-corrected radar 

QPEs. This research will benefit future applications of real-time radar QPEs in 

operational FEWS. 
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Abstract  

Flooding is one of the deadliest natural hazards in the world. Forecasting floods in 

advance can significantly reduce the socio-economic impacts. An accurate and reliable 

flood forecasting system is heavily dependent on the input precipitation data. Real-time, 

spatially, and temporally continuous Radar Quantitative Precipitation Estimates (QPEs) is 

useful precipitation information source. This research aims to investigate the efficacy of 

American and Canadian weather radar QPEs on hydrological model calibration and 

validation for flood forecasting in urban and semi-urban watersheds in Canada.   

A comprehensive review was conducted on the weather Radar network and its’ 

hydrological applications, challenges, and potential future research in Canada. First, radar 

QPEs were evaluated to verify the reliability and accuracy as precipitation input for 

hydrometeorological models. Then, the radar-gauge merging techniques were assessed 

to select the best method for urban flood forecasting applications. After that, merged 

Radar QPEs were used as precipitation input for the hydrological models to assess the 

impact of radar QPEs on hydrological model calibration and validation. Finally, a 

framework was developed by integrating hydrological and hydraulic models to produce 

flood forecasts and inundation maps in urbanized watersheds. 

  Results indicated that dual-polarized radar QPEs could be effectively used as a 

source of precipitation input to hydrological models. The radar-gauge merging enhances 

both the accuracy and reliability of Radar QPEs, and therefore, the accuracy of 

streamflow simulation is also improved. Since flood forecasting agencies usually use 
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hydrological models calibrated and validated using gauge data, it is recommended to use 

bias-corrected Radar QPEs to run existing hydrological models to simulate streamflow to 

produce flood extent maps. The hydrological and hydraulic models could be integrated 

into one framework using bias-corrected Radar QPEs to develop a successful flood 

forecasting system. 
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b2s baseflow 2 storage coefficient 

base base temperature for melt calculations 

beta non-linear parameter controlling runoff generation 

cperc constant percolation rate parameter 

𝐶𝑅𝐷𝐴 range dependent multiplicative factor 

𝐶𝑖 correction factor 

𝐶𝑚𝑎𝑓 MFB mean assessment factor 

𝐶𝑚𝑓𝑏 MFB single adjustment factor 

𝑐𝑑𝑓𝐺  CDF of the historical gauge data 

𝑐𝑑𝑓𝑅 CDF of the radar rainfall 

ddf degree day factor 

dff degree day factor 

fc maximum soil box water content 

flp limit for potential evaporation 

fm melt factor 

𝐹𝐺(𝑥) observed intensity distribution 

𝐹𝑅(𝑥) truncated radar rainfall intensity distribution 

g1c ground water 1 storage coefficient 

g1i initial ground water 1 storage 

g1p ground water 1 percolation rate 

g1s groundwater 1 storage capacity 

g2c groundwater 2 percolation rate 

g2i initial groundwater 2 storage 

g2p groundwater 2 percolation capacity 

if infiltration rate 
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is initial soil storage 

k0 flow recession coefficient  

k1 flow recession coefficient in the upper soil reservoir 

k2 flow recession coefficient in the lower soil reservoir 

kcond conductivity of the wetland (bank)-channel interface 

lsuz threshold value to control response routing 

lzf lower zone drainage function parameter 

lzfpm lower-zone free water primary maximum storage 

lzfsm lower-zone free water supplemental maximum storage 

lzpk lower-zone primary free water lateral depletion rate 

lzsk lower-zone supplemental free water lateral depletion rate 

lztwm lower-zone tension water maximum storage 

maxbas runoff distribution parameter 

mr snowmelt rate 

pctim impervious fraction of the watershed area 

pfree fraction percolating from upper to lower zone free water storage 

pwr lower zone drainage function exponent 

𝑃 coefficients of the polynomial models 

�̅�𝐺  average hourly rain gauge measurement 

�̅�𝑅 average hourly radar estimated rainfall 

𝑃𝐺  hourly precipitation observed by gauge 

𝑃𝑅 hourly radar estimated precipitation 

�̅̂� mean simulated flow 

�̂�𝑝𝑖 simulated peak flows 

𝑄�̂� simulated flow at ith data point 

�̅� mean observed flow 

𝑄𝑖 observed flow at ith data point 
𝑄𝑝𝑖 observed peak flows 

R rain rate/ radar rainfall 

R2n river channel Manning’s n 

rcr rainfall correction factor 

rec interflow coefficient 

retn upper zone retention  

rexp exponent of the percolation equation 

rq residence time parameters of quick flow 

scf snow correction factor 

si number of sub-reaches 

so storage-outflow 

sp soil percolation rate 

ss surface storage capacity 
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st storage coefficient 

sublime_rate sublimation rate 

SW spectrum width 

tc time of concentration 

tcrt critical temperature for snowmelt 

theta porosity the wetland or channel bank 

tmax upper temperature threshold 

tmin lower temperature threshold 

tr upper threshold temperature to distinguish rainfall and snowfall 

ts tension zone capacity 

us soil storage capacity 

uzfwm upper-zone free water maximum storage 

uzk upper-zone free water lateral depletion rate 

uztwm upper-zone tension water maximum storage 

V velocity 

wh wet hour 

x2 water exchange coefficient 

x3 capacity of the routing store 

x4 time parameter for unit hydrographs        

xl capacity of the production soil store 

�̃�   the minimum observed rainfall amount 

�̃�𝑅   threshold radar rainfall value 

�̃�𝑅,ℎ   wet-hour threshold 

𝑥 , transformed radar rainfall data 

Z horizontal reflectivity/ reflectivity factor 

zperc maximum percolation rate 

𝛼 measure of relative variability 

𝛽 bias (ratio of simulated and observed values) 

𝛾(ℎ) parametric variogram 

𝜀𝑅(𝑠) the deviation between observed and interpolated radar values 

𝜇 mean intensity 

𝜇1 lagrange multiplier 
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Chapter 1. Introduction 

1.1.  Background 

Floods have been recognized as the world’s deadliest natural disasters after 

earthquakes and tsunamis, given its potential for catastrophic socio-economic impacts 

(Balica et al., 2013; Jonkman & Vrijling, 2008). During the 21st century, the frequency of 

flooding has increased mainly due to climate change and population growth (Jonkman & 

Kelman, 2005; Tol, 2016). Meteorological extremes led by climate change accelerate the 

hydrological cycle increasing discharge in streams leading to floods (Han & Coulibaly, 

2017). The population increase exacerbates both frequency and impact of flooding due to 

the paving over of natural areas and increasing the pressure on sewer systems (Zhang et 

al., 2018). Recently occurred unprecedented floods such as the 2017 Texas floods (USA),  

2013 Toronto flood (Canada), and 2007 Scotland flood (UK) have brought attention to 

flood mitigation measures all around the world (Reggiani et al., 2009). In Canada, the 

frequency of floods and associated human and economic losses have been increased over 

the past 50 years (Bowering et al., 2014). Therefore, floods are identified as one of the 

most common natural hazards to life, property, economy, and the Canadian environment. 

The estimated total cost of massive floods in Canada is approximately 36 billion CAD 

from 1900 to 2016, as reported by Public Safety Canada (2019). Therefore, flood 

mitigation measures are essential for flood-prone regions to minimize the damages.  

The generally implemented flood mitigation strategies are classified as structural 

and nonstructural (Thampapillai & Musgrave, 1985). Structural measures reduce flood 

probability by altering physical characteristics (Heidari, 2009). These measures include 
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constructing structures such as dams, levees, and culverts, requiring a significant capital 

investment (Mays, 2010). On the contrary, less expensive nonstructural measures that 

involve administrative measures are more effective and affordable approaches to reduce 

the negative impact of flooding (Faisal et al., 1999). The United Nations identifies flood 

forecasting and warning as an effective nonstructural flood mitigation approach as it can 

reduce the flood damage up to 35% (Nagai, 2003; Pilon, 2002). Many developed 

countries have implemented flood forecasting and early warning systems to issue real-

time flood forecasts for effective flood management and mitigation. For example, 

National Flood Forecasting System (NFFS) in England (Werner et al., 2009); Community 

Hydrologic Prediction System (CHPS) in the USA (Roe et al., 2010); European Flood 

Forecasting System (EFFS) in Europe (De Roo et al., 2003); Flood Early Warning 

System (FEWS) in Scotland (Cranston & Tavendale, 2012). Flood forecasting and early 

warning systems utilize hydrological and hydraulic models to predict floods using 

hydrometeorological data as inputs (Jain et al., 2018). Even though hydrological and 

hydraulic modeling has been used for flood forecasting in Canada (Moradkhani & 

Sorooshian, 2008; Zahmatkesh et al., 2019),  currently, there is no nationwide flood 

forecasting system (FloodNet, 2020).  

The accuracy and reliability of flood forecasts heavily depends on the accuracy 

and reliability of input precipitation data (Larson & Peck, 1974).  The precipitation input 

for hydrological models is collected through conventional rain-gauges and weather Radio 

detection and ranging (Radar) (Gilewski & Nawalany, 2018). The calibration and 

validation of hydrological models embedded in flood forecasting systems mostly rely on 
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in-situ rain gauge data (McMillan et al., 2011; Shakti et al., 2019). Rain-gauges are 

believed to be providing accurate point rainfall measurements even though they suffer 

from both random and systematic errors (Sevruk, 1982). The point gauge data must be 

interpolated into a grid to represent the spatial distribution of rainfall before use into 

distributed hydrological models for flood forecasting purposes (Rabiei & Haberlandt, 

2015). In contrast to rain-gauges, operational weather radar produces real-time, spatially, 

and temporally continuous Quantitative Precipitation Estimates (QPEs) over an area 

within the Radar range, capturing variations of precipitation in both space and time 

(Dhiram & Wang, 2016; Thorndahl et al., 2016).  Gridded precipitation estimates with 

high temporal resolution can enhance flood forecasting, especially in urban watersheds, 

where response time is low as hours due to the impervious ground (Benjamin, 2016; Chen 

et al., 2017).  

At present, different countries produce commercial weather Radar products that 

are extensively used in operational hydrology: e.g., NEXt-generation weather RADar 

(NEXRAD) in the USA, Nimrod in the UK, and Radar-Online-Aneichung (RADOLAN) 

in Germany (Krajewski et al., 2010; Marx et al., 2006; Moore et al., 2004). The first 

weather Radar station in Canada was established in the 1950s, and since then, the Radar 

network was progressively expanded (Mekis et al., 2018). The current Canadian Weather 

Radar Network (CWRN) is a mixed network of conventional and dual-polarized Doppler 

Radar and includes 31 Radar stations covering Canada's most populated areas (Joe & 

Lapczak, 2002). Both base reflectivity data (Horizontal reflectivity: Z) and dual-polarized 

reflectivity data (Differential Reflectivity: ZDR and Specific Differential Phase: KDP) are 
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collected in about 1 min intervals with 0.25 km × 0.5-degree range and azimuthal 

resolution using POLarimetric Plan Position Indicator (POLPPI) scans at 0.5-degree 

elevation by ECCC Radar (Dufton, 2016; Ryzhkov et al., 2005). Radar QPEs are then 

estimated using different rain rate estimators (Z-R algorithms) such as R (Z), R (Z, ZDR), 

R (Z, KDP), and R (KDP, ZDR) (Brandes et al., 2002; Bringi et al., 2011; Fulton et al., 1998; 

Marshall & Palmer, 1948; Richards & Crozier, 1983). Most of the Canadian ground-

based Radars are C-band Radar; however, the existing ECCC C-band Radar network is 

currently being upgraded into S-bands, with an expected completion date of 2023. Other 

than the Canadian weather Radar systems, the American Radar system, NEXRAD, covers 

areas close to the USA – Canada border where most of the Canadian population reside. 

The NEXRAD Radar system is a Doppler weather Radar network developed by National 

Weather Services (NWS) and uses both single-polarimetric rain rate algorithms R(Z)  and 

Dual-polarimetric rain-rate algorithms (DP-QPEs) to produce Radar QPEs (Fulton et al., 

1998; Ryzhkov et al., 2005). There are two levels of NEXRAD products where both 

Level II (three meteorological base data: reflectivity, mean radial velocity, and spectrum 

width) and Level III (Radar QPEs) are available publicly in the National Centers for 

Environmental Information (NCEI) archives (Chen & Farrar, 2007; Xie et al., 2006). 

Therefore, USA NEXRAD S-band Radar QPE is a potential precipitation data source for 

Canadian watersheds.  

Instead of direct precipitation measurements, Radar uses the attenuation of 

microwave from precipitation targets measured as reflectivity. The measured reflectivity 

values are converted into precipitation volumes using the predefined relationship between 
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Radar reflectivity and the Rainfall rate (Austin, 1987; Marshall & Palmer, 1948). 

Therefore, Radar QPEs suffer from errors induced during the reflectivity measurements 

and reflectivity-rain intensity conversion process (Dai et al., 2018). The ground clutter 

(Hubbert et al., 2009), bright band contamination (Cao et al., 2019), Radar instrument 

miscalibration (Collier, 1986),  attenuation (Park et al., 2005), range degradation (Gabella 

et al., 2011), the variability of the raindrop size distribution (Williams et al., 2005), 

anomalous propagation (Moszkowicz et al., 1994), etc.,  induce errors to reflectivity 

measurements and consequently in Radar QPEs. As a result of these numerous errors that 

can profoundly affect final Radar QPEs, their use as an input for hydrological models is 

limited (Rabiei & Haberlandt, 2015; Wang et al., 2015).  

The dual-polarized Radar produces better QPEs than conventional single 

polarized Radar (Bringi et al., 2011; Chandrasekar et al., 2013; Hall et al., 2015; Sugier et 

al., 2006). Also, increasing the Radar network's density reduces the uncertainties in Radar 

QPEs by reducing the Radar stations' distance. However, these modifications are 

challenging due to Canada's complex geography, and both methods require significant 

capital investment. As a solution, previous research has proven that adjusting Radar QPEs 

to match with gauge observations (radar-gauge merging) could significantly improve the 

accuracy and reliability of Radar QPEs. (Goudenhoofdt & Delobbe, 2009; Ochoa-

Rodriguez et al., 2019; Vieux & Bedient, 2004; Wang et al., 2015). The performance of 

radar-gauge merging methods and, ultimately, merged Radar QPEs depend on the quality 

of raw Radar reflectivity and corresponding Radar only QPEs. Therefore, Radar only 

QPEs must be evaluated before applying radar-gauge merging at the resolution required 
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for urban hydrological applications. After evaluating and applying radar-gauge merging, 

Radar QPEs can be used as precipitation input for the hydrological model to assess the 

impact of Radar QPEs on hydrological model calibration, validation, and run for 

operational flood forecasting. A Flood Early Warning System (FEWS) can be developed 

by integrating hydrological and hydraulic models into a one-framework capable of 

collecting, computing, viewing, and bias-correcting Radar QPEs. Hence, further research 

is needed to evaluate, bias-correct, and examine the effect of Radar QPEs on hydrological 

model calibration, validation, and operational run for flood forecasting.    

1.2.  Problem Statement and Motivations 

Radar estimated precipitation data has gained significant attention over 

conventional rain gauges in operational hydrology. Even though Radar QPEs have been 

used in hydrological context for decades in Canada, there has been no literature 

summarizing the state-of-the-art use of Radar QPEs in operational hydrology. A 

comprehensive literature review summarizing the current Canadian Radar network, 

available Radar QPEs, application in hydrology, challenges, and potential future research 

is required.  

The American NEXRAD QPEs is a potential Radar QPE for hydrological 

applications in Canadian watersheds. Even though both Canadian and US weather Radar 

has been used for decades in hydrological applications, their accuracy and reliability are 

uncertain due to intrinsic errors during measurements and reflectivity-rain rate 

conversions. Therefore, a comprehensive evaluation of Radar QPEs at high spatial (a few 
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km) and temporal (hourly or sub-hourly) resolutions is essential before using them as 

precipitation input for hydrometeorological models. 

Following the evaluation, a vigorous method to adjust Radar QPEs to match with 

gauge observations (radar-gauge merging) should be applied to improve the accuracy and 

reliability before using Radar QPEs in operational hydrology with confidence. Previous 

studies have shown a significant improvement in the accuracy and reliability of Radar 

QPEs after radar-gauge merging. However, the application of radar-gauge merging to 

improve new dual‐polarized Radar QPEs is yet to be implemented in operational flood 

forecasting in urban and semi-urban watersheds in Canada.  

Establishing a system to predetermine flood events is necessary to mitigate flood 

damage.  A flood forecasting system involves hydrological models representing different 

hydrological processes and hydraulic models to simulate flood extent and inundation 

depths. Therefore, implementing a system that connects hydrological and hydraulic 

models in one framework using bias-corrected Radar QPEs as the precipitation input is 

essential to issue flood warnings to make proper decisions and take immediate actions to 

reduce flood damage.  

1.3.  Scope of the research 

The study presented here addressed the use of Radar QPEs for hydrological model 

calibration, validation, and flood forecasting in Canadian urban watersheds. To 

accomplish the overall objective, the following secondary objectives were achieved: 

• A literature review on the application of weather Radar for operational hydrology 

in Canada.  
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• Evaluation of available Radar QPEs.  

• Assessment of radar-gauge merging techniques. 

• Integration of hydrological and hydraulic models into one framework to develop 

flood extent maps using merged Radar QPEs. 

Four journal articles have been completed from the research and are presented in 

chapter 2-5 of the thesis. Each of the objectives forms the basis of papers published or in 

the review process in peer-reviewed journals. 

Apart from the primary research, a case study was performed to propose a suitable 

flood forecasting method at the Waterford River watershed in St. John’s, Newfoundland 

(Appendix A).  

1.4.  Thesis Outline 

This thesis consists of six chapters. Chapter 1 is an overview describing the 

background, research motivations, scope of the research, and thesis outline. Chapter 2 

presents a comprehensive literature review of Canada's weather Radar network and its 

application from a hydrological context. The third chapter evaluates two KBUF 

NEXRAD S-band Radar QPEs at Buffalo, New York, USA, and seven WKR C-band 

dual-polarized Radar QPEs at King City, ON, Canada. The fourth chapter compares 

several radar-gauge merging techniques and identifies the best technique that suits the 

Humber River (semi-urban) and Don River (urban) watersheds in Canada. Chapter 5 

integrates HEC-HMS hydrological model and HEC-RAS hydraulic models into the HEC-

RTS model framework to examine the impact of Radar QPEs on hydrological model 
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calibration, validation, and flood mapping in Mimico Creek watershed (urban) in the 

GTA. Finally, chapter 6 includes conclusions and recommendations for future research.  
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Chapter 2. Application of weather Radar for operational hydrology in 

Canada – A review 

Summary of Paper 1: Wijayarathne, D., and Coulibaly, P. (2020). Application of 

weather Radar for operational hydrology in Canada – A review. Canadian Water 

Resources Journal, under review. 

This research work provides a comprehensive literature review of the weather 

Radar network in Canada and how it has been applied from a hydrological context in 

Canada since the 1950s. 

The main topics include: 

• Canadian weather Radar network.  

• Accessible Radar data. 

• Radar QPEs. 

• Application of weather Radar in operational hydrology.  

• Challenges in the use of Radar QPEs in operational hydrology. 

• Potential future research. 

Key results of this research include: 

• In Canada, the application of weather Radar in hydrology had been increased in 

last decade; however, further research is necessary to address the niche areas. 

• Radar only QPEs and multi-radar QPEs are used in Canada to issue operational 

weather warnings, to determine the type of precipitation, precipitation features, 
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and structure, in operational forecasting such as weather forecasts and snow depth 

predictions, and as a tool to validate atmospheric models. 

• The use of Radar QPEs is limited by the random and systematic errors, variability 

in Z-R relationship, poorly gauged precipitation network, the ongoing 

development of Radar infrastructure, existing C-band single radar network, and 

the complex geography.  

• Further research is crucial to evaluate Radar QPEs, to verify radar-gauge merging 

methods, and to incorporate real-time Radar QPEs to hydrological models. 

2.1.  Abstract 

Weather Radar provides real-time, spatially and temporally continuous 

precipitation data over a large area, and therefore it has been used for operational 

hydrology in Canada over the past decades. Recently, the focus on weather Radar in 

Canada has increased since the existing Environment and Climate Change Canada 

(ECCC) C-band Radar network is replaced with S-band dual-polarized Radar. This paper 

aims to provide a wide-ranging literature review of the current Radar network in Canada 

and how it has been applied from a hydrological context. The review starts with an 

overview of the Canadian weather Radar network, emphasizing current and future 

developments. Next, the application of weather Radar in hydrology is summarized, 

including specific research and operational examples. Finally, some recommendations are 

provided for future studies based on new developments in Canada's weather Radar 

network. 

Keywords: Radar, Canadian weather Radar, Z-R relationship, C-band Radar, Hydrology 
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Utilisation des Radars météorologiques en hydrologie opérationnelle au Canada  

- Etat de l’art 

Résumé 

Les Radars météorologiques fournissent des données de précipitations 

spatialement et temporellement continues, en temps réel et sur de grandes distances. 

Depuis une dizaine d’années, ces données ont été largement utilisées en prévisions 

hydrologiques opérationnelles. L'intérêt porté sur les Radars météorologiques a 

récemment augmenté au Canada suite au remplacement du réseau de Radars en bande C 

d’Environnement et Changement Climatique Canada (ECCC) par des Radars en bande S 

à double polarité. Cet article a pour objectif de fournir un large état de l’art du réseau de 

Radars météorologiques au Canada et comment il a été utilisé en hydrologie. La revue 

commence par un aperçue du réseau de Radars météorologiques canadien, puis met 

l’accent sur les récents et futurs développements. Ensuite, l’utilisation du réseau de 

Radars en hydrologie est décrite en donnant des exemples de travaux de recherche et 

d’utilisation opérationnelle. Pour finir, cet article donne des recommandations pour des 

travaux futurs sur la base des nouvelles avancées du réseau de Radars météorologiques 

canadien.    

2.2.  Introduction 

Radio detection and ranging (Radar) was first used and named by S.M Taylor and 

F.R Furth of the US Navy in 1940 and adopted universally in 1943 (Doviak 1993). The 

Radar emits electromagnetic radiation in the microwave domain of the electromagnetic 

spectrum and detects the echo returned from the targets. Radar uses five different separate 
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band/wavelength ranges in the electromagnetic spectrum; S-band (~10 cm), C-band (~5 

cm), X-band (~3 cm), W band (~3 mm), and Ka /Ku (~1 cm) (Bluestein et al. 2014; 

Einfalt et al. 2004; Whiton et al. 1998). Information about the targets can be determined 

by analyzing the return signal (Skolnik 1962).  

Radar is used for various applications such as military, nautical, aviation, marine, 

meteorology, biology, and weather surveillance. The use of Radar in weather surveillance 

was initiated in April 1944 with the beginning of weather observing and reporting at two 

Harbor Defense Cristobal installations (Whiton et al. 1998; Best Jr 1973). Since then, the 

applications of weather Radar in a hydrological context have evolved significantly, 

especially with the advances in Radar infrastructure, computer power, data processing 

techniques, and hydrological and climate models (Thorndahl et al. 2016). Recently, there 

has been a significant focus on real-time precipitation information derived from weather 

Radar to complement conventional rainfall gauges since it provides real-time, spatially, 

and temporally continuous data over a large area (Thorndahl et al. 2016). Due to the 

Radar signal's ability to penetrate clouds and rain, it can be used to provide information 

on the internal structure of a storm (Hasler and Morris 1986). These capabilities 

contribute to Radar playing an essential role in meteorological studies (Doviak 1993). 

Different countries use their weather Radar systems that produce different commercial 

Radar products such as Radar-Online-Aneichung (RADOLAN) in Germany (Marx et al. 

2006), Nimrod in the UK (Moore et al. 2004), and Next Generation Weather Radar 

(NEXRAD) in the USA (Krajewski et al. 2010). Those products provide a fixed Cartesian 
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grid with rainfall accumulation data summarized over a given time period (Thorndahl et 

al. 2016).  

Precipitation estimates based on weather Radar have been used for hydrological 

applications for decades in Canada as an alternative to conventional gauge measurements. 

In Canada, research on Radar began in 1931 and continued to operational research under 

the project Stormy Weather in 1943 (Sills and joe 2019; Douglas 1990; Middleton 1981). 

Since then, the application of weather Radar from a hydrological perspective has evolved 

significantly (Sills and Joe 2019). Interest in Canadian weather Radar has been increased 

due to the recent announcement made by the Canadian government regarding the 

replacement of the entire existing Environment and Climate Change Canada (ECCC) C-

band Radar network with S-band dual-polarized Radar ("The Government of Canada 

Invests to Modernize Weather-Forecasting Infrastructure" 2017). To date, there has been 

no literature summarizing the state-of-the-art of Canadian weather Radar for operational 

hydrology.  

The purpose of this review paper is to provide a detailed description of the current 

weather Radar network in Canada and to encapsulate the previous hydrological 

applications that used weather Radar in Canada since the 1950s. The first half of the 

paper provides a detailed description of the existing Radar network, including novel 

developments that have yet to be implemented. The second half of the article provides a 

review on the state-of-the-art in the applications of Radar estimated precipitation in 

Canadian operational hydrology and is structured based on the critical areas of research 

that are recognized as being significant in the published literature. Additionally, the 
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challenges involved in using current weather Radar products and the potential direction of 

future research are also discussed. 

2.3.  Canadian Weather Radar Network (CWRN) 

The first individual weather Radars in Canada were established in the 1950s 

(Mekis et al. 2018). Since then, the Radar network has been gradually expanded over the 

past few decades to the current state. An overview of the evaluation of the CWRN, 

together with hardware and software upgrades, can be found in Joe and Lapczak (2002) , 

Mekis et al. (2018) and Sills and Joe (2019). Canada’s current Radar network includes 31 

Radar stations at a full conventional reflectivity measurement range of 256 km in a radius 

around the site and a dual-polarized Doppler range of 120 km around the site (Figure 2-1 

and Table 2-1) (Mekis et al. 2018). ECCC maintains 29 Canadian Radar stations, while 

the other two (The Jimmy Lake and Lac Castor) are maintained and operated by the 

Department of National Defense (DND)  ("ARCHIVED - Environment and Climate 

Change Canada - Weather Monitoring Infrastructure" 2012). The CWRN is a diverse 

network of non-Doppler Radar (24 elevation angle reflectivity-only scans) and Doppler 

Radar (three elevation angle Doppler scans) (Joe and Lapczak 2002) and covers most of 

the populated areas in Canada (Figure 2-1). Besides, McGill University operates the 

McGill university Radar (WMN) (Table 2-1). It is located near the Macdonald Campus at 

Ste. Anne de Bellevue, on the western tip of the island of Montreal (Damant et al. 1983a). 

WMN Radar is a dual-polarized S-band Radar, and their characteristics are presented in 

Damant et al. (1983a). 
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All Canadian ground-based Radars were C-band Radar until 2017, except for the 

J.S. Marshall Radar Observatory (MRO) near Montreal (McGill Radar), an S-band Radar 

(Mekis et al. 2018). For the past few decades, research was conducted to determine the 

possible benefits of shifting to a dual-polarization S-band Radar network in future 

upgrades. Many of these studies were directed towards validating data processing 

algorithms (Huang et al. 2010; Shi et al. 2010; Hudak, Rodriguez, and Donaldson 2008). 

Consequently, Canada is currently upgrading its C-band Doppler Radars with dual-

polarized S-bands starting with Radisson station (XRA), Saskatchewan. Once the system 

becomes adequately replaced, the target requirement is to install 20 new Radars by 31 

March 2023. The replacement project was started on 28 February 2017. Fourteen C-band 

Radar stations were replaced with S-band Radar as of October 2020 (Table 2-1). Updates 

on the ongoing project to upgrade Canadian weather Radar can be found on the 

Government of Canada Radar overview webpage 

(https://www.canada.ca/en/environment-climate-change/services/weather-general-tools-

resources/radar-overview.html).  

Aside from the C and S-band Radar, X-band Radar was also used in Canada (Lee 

et al. 2007; Hudak et al. 2002). Besides S-band Radar, the Marshall Radar Observatory 

operates continuous-wave, bi-static X-band Doppler Radar using Precipitation 

Occurrence Sensor System (POSS). The X-band dual-polarization Doppler Radar on the 

seashore of the Beaufort Sea at Tuktoyaktuk at Northwest territories was set up by the 

Hokkaido University under the Beaufort and Arctic Storms Experiment (BASE) project 

carried out in 1994 (Asuma et al. 1998). Even though dense X-band radar networks 
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[e.g., Collaborative Adaptive Sensing of the Atmosphere (CASA) network in Dallas/Fort 

Worth] are successfully deployed in urban areas around the world to improve the spatial 

and temporal resolution of Radar  (Chen and Chandrasekar 2015), X-band Radar is 

seldom used in Canada. The use of dense X-band Radar could be a viable approach to 

produce high-resolution Radar in densely populated southern Canada.  

On top of ground-based Radar, portable Radar was also used for various 

applications in Canada (Hudak et al. 2002). For example, the McMaster University X-and 

dual-polarization portable Radar (IPIX) was deployed to several field experiments that 

advanced the use of dual-polarization Radar (Hudak et al. 2004; Stewart et al. 2004). 

Other than the Canadian Radar systems, the American NEXRAD Radar system 

covers Canada's parts close to the USA – Canada border, where most populated regions in 

Canada are located (Figure 2-1). For example, NEXRAD Radar stations at Buffalo 

(KBUF), Cleveland (KCLE), and Detroit (KDTX) cover the Greater Toronto Area (GTA) 

in Canada. NEXRAD is an S-band Doppler weather Radar network operated by US 

National Weather Services (NWS) and the US Military. Even though its usable range is 

180 km, data can be used to estimate precipitation up to 230 km away from the station 

(Vieux and Bedient 2004).  
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Figure 2-1 The Conventional and Doppler coverage of the Canadian operational WKR 

C-band and NEXRAD S-band Radar. (Note: the map shows the status before the 

Canadian Weather Radar Replacement Program (CWRRP). The coverage includes 

blockages. The background consists of a Needs Index map prepared using ranking and 

weighting of hydrometeorological monitoring factors such as weather and climate-

related risks and socio-economic impacts. Different colored cross marks represent 

different Canadian Weather Station Radar (CWSR) based on beam widths and antennas. 

Source: An overview of surface-based precipitation observations at Environment and 

Climate Change Canada, Mekis et al., Atmosphere-Ocean, 27 March, 2018, Taylor & 

Francis Ltd, reprinted by permission of the publisher Taylor & Francis Ltd, 

http://www.tandfonline.com)  
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Table 2-1 Canadian weather Radar network. 

Province Site ID 
System upgrade/ 

in operation 
Band 

Alberta Carvel WHK 2000 C 

Schuler XBU 2002 S 

Spirit River WWW 2019 S 

Strathmore XSM 2001 S 

British Columbia Aldergrove WUJ 1997 C 

Mount Sicker (Victoria) XSI 2000 C 

Mount Silver Star XSS 2002 C 

Prince George XPG 2003 C 

Manitoba Foxwarren XFW 2018 S 

Woodlands XWL 1999 C 

New Brunswick Chipman XNC 2019 S 

Newfoundland and 

Labrador 

Holyrood WTP 1931 C 

Marble Mountain XME 2001 C 

Nova Scotia Gore XGO 2001 C 

Marion Bridge XMB 2019 S 

Ontario Britt WBI 2002 C 

Dryden XDR 2003 S 

Exeter WSO 2019 S 

Franktown XFT 2015 C 

King City WKR 2000 C 

Lasseter Lake XNI 2002 C 

Montreal River Harbour WGJ 2000 C 

Timmins XTI 2018 S 

Quebec Lac Castor WMB 1999 C 

Landrienne XLA 2001 S 

McGill WMN 1993 S 

Val d'Irène XAM 2009 C 

Villeroy WVY 2017 C 

Blainville ASB 2018 S 

Saskatchewan Bethune XBE 2019 S 

Jimmy Lake WHN 1999 C 

Radisson XRA 2018 S 

 

2.4.  Radar Quantitative Precipitation Estimates (QPEs) 

2.4.1.  Radar only QPEs 

Radar products have two main categories: Radar reflectivity maps at the 

observational heights (Figure 2-2a) and precipitation accumulations derived from 

instantaneous rate summaries (Figures 2-2b and 2-2c). Microwave attenuation and 
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scattering from precipitation targets are converted into precipitation intensity and 

accumulation using empirical relationships between the Radar reflectivity factor (Z) and 

the Rainfall rate (R) (Marshall and Palmer 1948).  In Canada, three primary methods have 

been used to derive Z-R relationships (Xin, Reuter, and Larochelle 1997); (1) Probability 

Matching Method (PMM), (2) Optimal curve fitting by measuring the Radar reflectivity 

and surface rainfall rate using gauges, and (3) compute Z and R by integrating over the 

observed raindrop size spectrum. Choosing the best Z-R relationship for a selected 

watershed in the hydrological application in Canada is always a challenge because it 

depends on the geographical location, rain type, synoptic types, storm types, climate 

region, time of the storm, the condition of thermodynamic stability, and environment 

(Richards and Crozier 1983). The authentic Marshall-Palmer relationship (Z=200R1.6) has 

been widely used in studies conducted in Canada (Gad and Tsanis 2003; Tsanis, Gad, and 

Donaldson 2002; Schell et al. 1992; Kouwen and Garland 1989; Tao and Kouwen 1989; 

Bellon and Austin 1984; Damant et al. 1983a; Bellon, Lovejoy, and Austin 1980; Barge 

et al. 1979; Austin and Austin 1974). In 1983, Richards and Crozier developed a new 

relationship (Z=295R1.43) for instantaneous rainfall rates for small areas by correlating 

seasonal C-band Radar at Woodbridge, Ontario, with raindrop disdrometer. It was 

proposed that the relationship suggested by Richards and Crozier (1983) is capable of 

producing more accurate rain rates using reflectivity compared to other existing 

relationships for southern Ontario, Canada. It was often used for the research in south 

Ontario watersheds (Fassnacht 2003; Benoit et al. 2000; Dalezios 1988; Kouwen 1988; 
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Richards and Crozier 1983). Besides those mentioned above, other Z-R relationships that 

were used in the past hydrological studies in Canada are listed in Table 2-2. 

 

Figure 2-2 Radar 

products. (a) WKR C-band 

Radar POLarimetric Plan 

Position Indicator 

(POLPPI)’s of reflectivity 

image at 0450Z on 

20170623 (source: 

Observations-Based 

Research Section, King 

City, ECCC), (b) 24-hour 

accumulation at the end of 

the UTC day 2017-06-23 

(2350Z) (Source: 

Observations-Based 

Research Section, King 

City, ECCC), and (c) 

NEXRAD Level III Digital 

Precipitation Array (DPA) 

Radar precipitation field 

from 8 July, 2013, 1800 

UTC to 9 July, 2013, 0200 

UTC over the Humber 

River watershed in GTA 

(Wijayarathne et al. 

2020a) 
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Table 2-2 Z-R relationships used in hydrological applications in Canada. 

Reference    Key Objective Study area Z-R relation Type of Radar 
Contribution/conclusions/major 

findings 

Dalezios and 

Kouwen 1990 

Study the affecting factors 

and sources of error at the 

preprocessing stage of the 

raw Radar reflectivity on 

Radar QPEs 

Grand River 

watershed, 

Southern 

Ontario 

Z = 485R1.43 Woodbridge C-band 

Deterministic corrective techniques are 

required to address non-rainfall echoes, 

signal attenuation, and wind effect 

during preprocessing of reflectivity 

Xin et al. 1997 
Z-R relationship for 

summertime convective 

rainfall 

Edmonton Z=32.5R1.65 
Carvel  

C-band 

A new Z-R relationship is developed 

using the Window Probability Matching 

Method (WPMM)  

Fassnacht et 

al. 2001 

To improve weather Radar 

estimated precipitation 

using surface temperature 

Range of 

King City 

Radar 

Z=1780R2.21 
King City  

C-band 

Radar adjustment using the near-surface 

air temperature is suitable for mixed 

precipitation 

Fassnacht 

2003 

Compare weather Radar 

vs. gridded gauge data for 

hydrological model 

Upper Grand 

River basin, 

Ontario 

Z=1780R2.21 
King City  

C-band 

Radar performs better for simulated 

runoff volumes than gauge data 

Lee et al. 2007 
Model the variability of 

Drop Size Distributions in 

Space and Time 

Range of 

McGill 

Radar 

Z=206R1.55 

McGill  

S-band 

POSS X-band 

Space-time variability of the 

distributions of the size of raindrops is 

developed 

Berenguer and 

Zawadzki 

2009 

Quantify the sources of 

uncertainty affecting 

Radar rainfall estimates  

Montreal, 

Quebec 
Z=237R1.55 

McGill S-band 

Radar 

Developed error covariance matrix of 

Radar rainfall estimates at the ground 

Boodoo et al. 

2015 

Evaluate C-band Radar 

QPEs and algorithms 

based on different dual-

polarized products 

The city of 

Toronto 

𝑅 = 0.0365Z0.625, 

𝑅 = 0.017Z0.714, 

𝑅 =
0.0058Z0.9110−0.209𝑍𝐷𝑅, 

𝑅 =37.9𝐾𝐷𝑃
0.8910−0.209𝑍𝐷𝑅, 

𝑅 = 294A0.89, 𝑅 =
25𝐾𝐷𝑃

0.81, 𝑅 = 29𝐾𝐷𝑃
0.85, 𝑅 =

33.8𝐾𝐷𝑃
0.79, 𝑅 =

sign(𝐾𝐷𝑃) 33.8|𝐾𝐷𝑃|0.79 

King City C-band 

NEXRAD S-band 

The algorithms based on KDP and 

specific attenuation at horizontal 

polarization perform better than the ones 

based on reflectivity and differential 

reflectivity  

Wijayarathne 

et al. 2020b 

 

Evaluate C-band and 

NEXRAD QPEs over 

Humber 

River and 

Don River 

𝑅 = 0.0365𝑍0.625, 

𝑅 = 0.017𝑍0.714, 

𝑅 = 33.8𝐾𝐷𝑃
0.79, 

King City C-band 

NEXRAD S-band 

• NEXRAD QPEs performs the best 

• QPEs derived from C-band multi-

parameter rain rate estimator using KDP 
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Canadian urban 

watersheds 

watersheds, 

GTA 
𝑅 = 37.9𝐾𝐷𝑃

0.8910−0.072𝑍𝐷𝑅, 

𝑅 =
0.0058𝑍0.9110−0.209𝑍𝐷𝑅 

and ZDR performs equally as NEXRAD 

• Adjustment with gauge data is necessary 

before using Radar QPEs for 

hydrometeorological studies 
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The single polarized Radar transmits and receives Radar with a single horizontal 

plane and produces standard variables such as reflectivity (Z), velocity (V), and spectrum 

width (SW). The dual-polarized Radar emits and receives Radar signals in horizontal and 

vertical polarization and produces additional variables by comparing the horizontal and 

vertical channels' signal strength phase. The main dual-polarized variables measured by 

the Radar are Differential Reflectivity (ZDR), Correlation Coefficient (CC), Specific 

Differential Phase (KDP), and specific attenuation at horizontal polarization (A) (Boodoo 

et al. 2015). According to the literature, dual-polarization enhances precipitation 

estimates' accuracy and leads to more accurate forecasts (Boodoo et al. 2015; Ryzhkov et 

al. 2005a). Dual-polarization helps to mitigate attenuation and anomalous propagation 

(Ryzhkov et al. 2005a). Dual polarized parameters can be used to distinguish precipitation 

from non-precipitation targets such as birds and therefore enable better removal of non-

precipitation targets (Berenguer et al. 2006). For example, the polarimetric variable CC is 

how similarly the horizontal and vertical pulses behave in the pulse volume. The variable 

CC is an essential discriminator between liquid rain and other targets because it is 

typically very close to one for rain (Dufton 2016). Dual-polarized Radar variables can 

provide additional information on precipitation, such as the size, shape, and type of 

precipitation targets (Hall et al. 1984). Moreover, dual-polarization will enhance the 

capability of distinguishing non-uniform precipitation (hail, melting snow) from uniform 

meteorological targets (rain, snow). For instance, ZDR is a measure of the difference 

between the horizontal and vertical reflectivity factor and helps to identify the shape of 

the precipitation target (Hall et al. 1984). Therefore, it can be used to differentiate rain, 
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snow, and hail. The KDP gives better rain rate estimates in heavy rainfall because, 

differently to reflectivity, it is immune to attenuation. The product KDP represents the 

range deviation of the differential phase shift that enables better precipitation estimates, 

especially in intense rainfall events (Ryzhkov et al. 2005b). Application of dual-

polarization Radar technology in hydrology has been carried out regularly (Wijayarathne 

et al. 2020b; Boodoo et al. 2015; Boodoo et al. 2010).   

The NEXRAD uses both single-polarimetric R(Z) and Dual-polarimetric (DP-

QPEs) rain-rate algorithms to derived Radar QPEs (Ryzhkov et al. 2005a). The 

Precipitation Processing System (PPS) algorithm proposed by Fulton et al. (1998) (R= 

0.017Z0.714) was widely used in hydrological studies in USA. Details of processing 

NEXRAD QPEs can be found in Berkowitz et al. (2013). Mainly, two levels of 

NEXRAD products are available in the National Centers for Environmental Information 

(NCEI) archives. Reflectivity, mean radial velocity, and spectrum width are available as 

Level II NEXRAD data, and Radar QPEs derived from Level II data are available as 

Level III NEXRAD data (Zhang et al. 2019; Chen and Farrar 2007; Xie et al. 2006).  

Replacement of existing C-band Radar with S-band dual-polarized Radar is 

expected to improve the performance due to transferring single-polarized to dual-

polarized and wavelength change. The partial attenuation of the Radar signal is the main 

problem of C-band Radar. Nevertheless, with the dual-polarized S-band Radar, the 

reduction of the signal's amplitude is significantly low and leads to a better estimation of 

rainfall. Also, recently developed Radar algorithms are mainly derived for dual-polarized 

S-band NEXRAD Radar in the USA (Cifelli et al. 2011). New technologies are also 
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designed to process, download, and archive, based on dual-polarized S-band NEXRAD 

Radar. Several toolkits, such as the NOAA toolkit, are only capable of handling dual-

polarized Radar. Freely available software that can be used for retrieval, computing, 

processing, viewing, and managing real-time Radar, such as Get real-time 

(“GetMyRealtime Water Data” 2020), are developed to work with S-band dual-polarized 

Radar data. Therefore, the proposed transition from C-band to S-band provides the 

opportunity to use these recent technological advances made for NEXRAD for Canada. 

Additionally, the broader operating range of S-band Radar compared to the C-band will 

expand the usable spatial coverage of Radar.   

Besides new S-band Radar, Micro Rain Radars (MRR) are now being deployed 

across the ECCC network and being tested across Canada. The MRR is vertically 

pointing Doppler Radar, which operates at 24.23 GHz. Further information regarding 

MRR could be found at www.metek.de. MRR would help the hydrological community by 

monitoring the origin of raindrops and frozen hydrometeors and identifying the bright 

band level. Also, MRR can detect small amounts of rainfall, even lower than the 

minimum amount that conventional rain gauges can measure (Wang, Lei, and Yang 

2017). 

2.4.2.  Radar assimilated QPEs 

Today, different commercial Radar QPEs that are corrected with rain gauge 

network data are produced by fusing multiple QPEs with Radar to improve the accuracy 

of the precipitation estimates (Nasab 2017). Those products provide a fixed Cartesian grid 

with rainfall accumulation data summarized over time. The integration of multi-radar can 

http://www.metek.de/
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alleviate deficiencies in the single Radar and provides more accurate detection of physical 

processes and QPEs. Both national and international organizations produce different 

high-resolution QPEs by fusing multiple Radar QPEs with gauge measurements, analyses 

from the weather prediction models, and satellite observations.  

2.4.2.1.  Canadian Precipitation Analysis (CaPA) 

CaPA is a precipitation product developed by the Meteorological Service of 

Canada (MSC) and provides nation-wide interpolated precipitation analysis for 6 and 24-

hour accumulations at resolutions of 10 km (operational) (Fortin et al. 2018; Boluwade et 

al. 2017; Fortin et al. 2015). CaPA uses an optimal interpolation procedure that blends 

different precipitation sources, such as precipitation estimates from the Numerical 

Weather Prediction (NWP) model, point gauge measurements, satellite data, and Radar 

data (Boluwade et al. 2017). The assimilation of Canadian Radar precipitation into CaPA 

precipitation estimates started in 2014. However, the assimilation is limited to rainfall 

only because of winter challenges with the bias correction of Radar data, such as potential 

bright band contamination. Also, the Radar assimilation is limited to the Doppler range of 

C-band Radar because the signal is contaminated by non-meteorological targets, and the 

Radar samples the volume above clouds beyond the Doppler range (Fortin et al. 2018). 

Since November 2016, US NEXRAD Radar covering Canada or the Great Lakes 

watershed is also included in CaPA (Fortin et al. 2015). Apart from the operational CaPA 

product with a 10 km resolution, a newly developed 2 km resolution CaPA data product is 

now available for research communities with an archive going back to early July 2016. 

Further details of CaPA can be found in Fortin et al. (2018). CaPA data were used in 
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Canada for environmental prediction applications such as hydrological modeling 

(Lespinas et al. 2015; Eum et al. 2014), hydrological forecasting (Mahfouf et al. 2007), 

and snow depth predictions (Carrera et al. 2010). Also, CaPA data were used by the 

Canadian Land-Data Assimilation System (CaLDAS) to estimate soil moisture, soil 

temperature, and snow depths in real-time over Canada (Carrera et al. 2015; Lespinas et 

al. 2015).  

2.4.2.2.  National Mosaic and Multi-Sensor QPE (NMQ) 

The NMQ is a multi-radar, multi-sensor system which assimilates Radar mosaic 

grids along with other observational network data such as satellite, gridded model 

analyses, or forecast fields to increase the significance of Radar data in operational 

forecasting (Zhang et al. 2011; Xu et al. 2008; Gourley et al. 2001). This system is 

demonstrated by the Collaborative Radar Acquisition Field Test (CRAFT) project of the 

US National Weather Services and consumes base data from more than 140 WAR-88D 

Radars and 31 Canadian C-band weather Radars (Zhang et al. 2011; Droegemeier et al. 

2000). NMQ assimilates level II data from the WSR-88D network with different data 

sources such as ECCC weather Radar and regional rain gauge network (Zhang et al. 

2011). The fully automated NMQ system generates 3D Radar reflectivity mosaic grids 

and a suite of severe weather and QPE products for the conterminous United States 

(CONUS) at a 1-km horizontal resolution and 2.5-minute update cycle (Zhang et al. 

2011).  
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2.4.2.3.  Multi-Radar Multi-Sensor QPEs (MRMS) 

The MRMS system was recently developed by the National Centers for 

Environmental Prediction (NCEP) to address seamless national Radar information 

requirements for model-data assimilation and QPEs in the USA (Zhang et al. 2016). The 

MRMS system currently integrates about 180 operational Radars, about 7000 gauges, and 

generates QPEs across the CONUS and southern Canada at a very high spatial and 

temporal resolution of 1-km and 2 minutes (Zhang et al. 2016). Operational Radar used 

by MRMS includes 146 S-band WSR -88D and 30 C-band Radars operated by ECCC. 

The MRMS also provides other high-resolution national products such as 3D reflectivity 

mosaic, seamless hybrid scan reflectivity, and surface precipitation rate and types (Zhang 

et al. 2016).  

2.5.  Use of weather Radar data in operational hydrology 

2.5.1.  Operational forecasting 

The precipitation input for numerical forecasting models mainly comes from 

conventional rain gauges. There is significant attention to real-time precipitation 

information derived from Radar to complement traditional rainfall gauges as it provides 

real-time, spatially, and temporally continuous data that can enhance operational 

forecasting. Different aspects were used in the past to produce operational forecasts using 

weather Radars in Canada. Using McGill S-band weather Radar, the Short-term 

Automated Radar Predictions (SHARP) method was developed to generate 0 to 3-hour 

interval precipitation forecasts (Bellon and Austin 1984, 1978). The mean absolute 
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deviation between Radar and gauge precipitation calculated over the catchment varies 

from 49% to 60% for 0.5 to 3-hr forecasts. Nearly a decade after the verification against 

the rain gauges, the MRO began providing real-time rainfall estimates using the linear 

extrapolation of the Radar image (Bellon and Zawadzki 1994). The linear extrapolation 

method was frequently used by researchers to make nowcasts in Canada (Bellon and 

Zawadzki 1994; Bellon and Austin 1984). In this method, the Radar echoes were 

translated by the same amount proportional to a calculated past motion. One-hour forecast 

rainfall accumulation was transformed at a spatial and temporal resolution of 1 km and 5 

minutes based on the linear extrapolation of the latest Constant Altitude Plan Position 

Indicator (CAPPI) data. An attempt to use spatial and temporal averaging (smoothing) 

was taken to improve the skill of this technique by researchers at MRO (Bellon and 

Austin 1984). A 10% reduction of Root Mean Square Error (RMSE) was observed after 

smoothing for 1 hour ahead precipitation forecasts compared to the unsmoothed Radar 

data. Another study conducted in 1980 developed an algorithm that yields the likelihood 

of rain from combining satellite imagery and McGill S-band Radar data obtained in 

eastern Canada (Bellon et al. 1980). The algorithm acquired two bivariate frequency 

distributions from infrared and visible satellite images and then collocated with Radar, 

which was used to discriminate rain and non-rain clouds. An operational version called 

Rainsat was developed after this study and was used in real-time operational forecasting 

since 1981. Damant et al. (1983b) examined the errors involved in Radar QPEs using 

linear extrapolation forecasting technique to generate precipitation forecast. The 

unadjusted radar-gauge comparison showed an average bias of 3%, RMSE of 87%, and 
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an absolute difference of 50%. After adjusting Radar QPEs to the storm-bias, bias, 

RMSE, and absolute differences were reduced to -2%, 67%, and 33%, respectively.  

Germann and Zawadzki (2004) took the first approach of probabilistic forecasts 

using Radar images in Canada. In this study, the McGill Algorithm for Precipitation 

nowcasting by the Lagrangian Extrapolation (MAPLE) method was used to generate 

probabilistic precipitation rate forecasts. A three stepped MAPLE method was proposed 

by Germann and Zawadzki (2002) to forecast potential precipitation. The MAPLE 

method first uses variational Radar echo tracking to determine the motion field of 

precipitation. Second, a semi-Lagrangian advection scheme is used to advect Radar 

reflectivity. Finally, various predictability measures such as the lifetime are calculated by 

comparing Eulerian and Lagrangian persistence forecasts with observations. In 2004, 

Germann and Zawadzki used continental-scale Radar images along with the MAPLE 

method to derive a lifetime of precipitation patterns in Eulerian and Lagrangian space, 

and those patterns were used as a measure of predictability.   

At present, hydrological modeling plays a vital role in operational forecasting 

(Nester et al. 2016). Conventional hydrological modeling requires a dense gauge network, 

which is, at times, not practical due to the operational cost and relatively large size of 

Canadian watersheds (McMillan et al. 2011). The precipitation from gauges produces 

point data, which should be interpolated to a grid before using it as gridded precipitation 

input for distributed hydrological models (Rabiei and Haberlandt 2015). Previous studies 

showed that gridded precipitation derived using real-time weather Radar could provide 

accurate flow simulations using hydrological models to facilitate operational forecasting 
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(Chen et al. 2017; Benjamin 2016; Fan et al. 2014). A significant improvement in 

nowcasting and real-time forecasting in urban areas was observed by coupling the 

hydrological models with nowcasting techniques that use Radar QPEs (Poletti et al. 

2017).  

Compared to the USA, studies on Radar estimated rainfall as an input of the 

hydrological models in Canada are sparse. In general, Radar is applied to hydrological 

modeling in two ways: (1) quantitative and (2) qualitative. In Canada, previous studies 

have only addressed the quantitative approaches. Nearly all of the studies in Canada were 

performed using the University of Waterloo Flood Forecasting System (WATFLOOD) 

model (Table 2-3). The application of Radar QPEs for hydrological modeling requires 

semi or fully distributed hydrological models. WATFLOOD was frequently used at the 

time because it is capable of ingesting gridded Radar inputs on a temporal scale.  A 

detailed description of the WATFLOOD model can be found in Wijayarathne and 

Coulibaly 2020 and Kouwen 2016. WATFLOOD has been used since 1988 for diverse 

hydrological modeling applications in Canada using weather Radar data (Table 2-3). 
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Table 2-3 Hydrological modeling studies using WATFLOOD. 

Reference    Key Objective Study area 
Z-R 

relation 

Type of 

Radar 

Contribution/conclusions/major 

findings 

Kouwen et 

al. 1988 

Describe a real-time flood 

forecasting system  

Grand River watershed, 

Southern Ontario 
Z=295R1.43 

King City  

C-band 

Use of real-time Radar along with 

conventional data sources in 

WATFLOOD 

Kouwen et 

al. 1993 

Test GRU approach to represent the 

heterogeneity of a watershed using 

Radar rainfall  

Grand River, 

Saugeen, and 

Humber River,  

Eastern Toronto 

- 
King City  

C-band 

The model parameters are uniquely 

related to land cover. Hence, the model 

parameters are transferable to watersheds 

in physiographically similar areas 

Fassnacht et 

al. 1999 

Use of Radar to estimate snowfall as 

precipitation input for hydrological 

modeling  

Grand River watershed, 

Southern Ontario 
- 

King City 

 C-band  

Radar data are adjusted to consider the 

occurrence of mixed precipitation, shape 

of snow particles, and a site-specific 

scaling phenomenon 

Benoit et al. 

2000 

Develop a new tool to validate and 

interpret results from atmospheric 

models through assimilation of 

meteorological and hydrological 

models 

Southern Ontario 

watershed 
Z=295R1.43 

King City  

S-band 

Hydrological models are adequately 

sensitive to improve atmospheric models 

Cranmer et 

al. 2001 

Examine the effects of modeling the 

nonlinearities of hydrological 

response to various storm intensities 

Duffins Creek drainage 

basin, southern Ontario 
- 

King City  

C-band 

WATFLOOD model can amplify 

observed floods of lesser magnitude to 

produce flood forecasts 

Bingeman et 

al. 2006 

Calibration, validation, and 

sensitivity analysis of the 

WATFLOOD model for 

hydrological processes 

Boreal Ecosystem 

Atmosphere Study 

(BOREAS) study area  

- 
King City  

C-band 

Presents a simple split-sample stream 

flow calibration-validation, followed by 

validations of internal state variables  

Tao and 

Kouwen 1989 

Examine the advantages of using 

Landsat-derived land cover 

information for the flood-flow 

forecasting model  

The Grand River, 

south-western 

Ontario 

      Z=200R1.6 
King City  

C-band 

Watershed elements can be made 

significant than a typical homogeneous 

hydrologic unit by calculating runoff for 

each land cover class separately 

Kouwen and 

Garland 1989 

Examine the effects of the spatial 

resolution of radar-derived rainfall on 

hydrology to show the impact of 

discretization of Radar data on 

hydrological modeling for flood 

forecasting 

Grand River 

watershed, Southern 

Ontario 

      Z=200R1.6 
Woodbridge 

Radar 

• Spatial averaging reduces the effects of 

erroneous Radar readings and give 

comparable results with those obtained 

using finer resolutions 

• The appropriate level of discretization 

depends on the area being modeled 
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• There is no significant effect of the level 

of discretization of Radar precipitation 

data on the generation of hydrographs 
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Apart from WATFLOOD, few other hydrological models were used for research 

and operational applications in Canadian watersheds using Radar QPEs as precipitation 

input (Table 2-4). The main application was to assess the capability of Radar estimated 

rainfall to enhance the hydrological model simulations of storm hydrographs. Other 

applications included explaining precipitation features, structure, and moisture transport, 

evaluating Radar QPEs, explaining hydrological processes, quantifying errors associated 

with Radar QPEs, etc. For further details on the use of different hydrological models 

along with weather Radar in Canadian hydrology, see Table 2-4. Also, the use of weather 

Radar to forecast gridded snowfall as an input of hydrological models were summarized 

by Woo et al. (2000). Moreover, Tsanis et al. (2002) compared the rain-gauge tracking 

technique and Radar storm tracker to obtain storm kinematics into rainfall input to 

calculate runoff for hydrological applications.  
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Table 2-4 Hydrological applications of weather Radar using different hydrological models.  

Reference    Key Objective Study area 
Hydrological 

Model 

Type of 

Radar 
Contribution/conclusions/major findings 

Schell et al. 

1992 

Assess the capability of radar-

measured rainfall to enhance the storm 

hydrographs simulation 

St. Dominique 

watershed, south-

western Quebec 

HYMO 
McGill  

S-band 

Radar estimated rainfalls produced minor 

improvements for short duration, high 

intensity, spatially variable rainfall events 

Fabry et al. 

1994 
Determine the magnitude of sampling 

errors for high-resolution Radar data  

Range of McGill 

Radar 

Empirical 

model 

McGill  

S-band 

Sampling errors affect both accuracies of 

Radar rainfall and calibration with gauges 

Asuma et al. 

1998 

Explain the precipitation features, 

structure, and moisture transport 

associated with two different weather 

conditions using Radar  

Tuktoyaktuk, 

Northwest 

Territories 

A conceptual 

model  

Aircraft-based 

Radar 

Tuktoyaktuk 

X-band  

The structure of the storm is strongly 

affected by the topography of the region 

and the presence of open water 

Hunter et al. 

2002 

Examine landscape-scale linkages 

between storm meteorology and 

hydrology 

Vanguard, 

Saskatchewan 

convective 

indices MSC 

trajectory 

model 

Bethune  

C-band 

• The meteorology of the storm is described 

• The origin of the air masses that 

contributed to the event are identified 

Shi et al. 

2010 

Test the Goddard cloud microphysics 

scheme in WRF and compare in-situ 

and Radar measured snowfall 

CARE site located 

near Egbert, 

Ontario 

WRF 
King City  

C-band 

Demonstrates the feasibility of using WRF 

at cloud-resolving resolution (1-km or 

finer) for high-latitude snow events 

Boodoo et 

al. 2010 

A previously developed algorithm was 

refined for identifying the height of 

the Radar bright band  

Great Lakes 

region, southern 

Ontario 

The numerical 

weather 

prediction 
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density, rainfall intensity, and time-step of 
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The integration of different hydrological models in one framework to simulate 

watershed responses was tested for years using weather Radar QPEs, and those models 

are still in progress, mainly due to its complexity (Che and Mays 2015). The 

WATCLASS model (Soulis et al. 2000), which is a linkage of the WATFLOOD and the 

Environment Canada Canadian LAnd Surface Scheme (CLASS), was used by Fassnacht 

et al. (1999) to examine the effectiveness of weather Radar to estimate precipitation for 

five winters (1993 to 1997) in southern Canada as forcing to hydrological models. Both 

gridded gauge precipitations and raw and adjusted weather Radar precipitations were 

used as input to the linked WATCLASS models to compare the performances by 

comparing simulated stream flows. WATCLASS was also implemented and run to 

investigate and examine the use of Radar estimated rainfall and interpolated gauge 

measurements as the precipitation input to hydrological models by comparing peak 

stream flows and cumulative runoff volumes in the Upper Grand River basin in central, 

south-western Ontario, Canada (Fassnacht 2003). Moreover, WATFLOOD was merged 

with an atmospheric model, Mesoscale Compressible Community (MC2), by Bacchi and 

Ranzi (2003) to make a new tool to validate and interpret stream flows produced by 

atmospheric models.  

Moreover, the ArcView GIS environment was used to process and analyze 

weather Radar QPEs in the previous literature. For example, Gad and Tsanis (2003) 

developed a GIS multi-component module to read geo-referenced weather Radar data, 

calibrate against gauges, estimate the kinematics of precipitation patterns, and derive 

rainfall depths.  
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2.5.2.  Solid precipitation estimation 

Many of the previous applications of weather Radar involved rainfall. However, 

several studies were conducted to estimate solid precipitation rates using reflectivity. 

Hassan, Taylor, and Isaac (2019) developed two snowfall rate-estimation methods using a 

nonlinear regression analysis with King City C-band reflectivity factor (Z) and 

differential reflectivity (Z, ZDR). Both algorithms outperformed the algorithms used by the 

Canadian Radar network enabling better snowfall accumulations for hydrological 

applications. A methodology to derive Radar reflectivity factor–liquid-equivalent snow 

rate power-law relation was introduced by Huang et al. (2010) using King City C-band 

operational Radar to improve the fall speed quality. The normalized bias of 2.1% and the 

normalized fractional standard error of 26% were reported between the estimated liquid-

equivalent accumulations and gauge amounts for seven snow days during the validation. 

In 2008 Hudak et al. used the ECCC C-band weather Radar at King City as a reference to 

assess the ability of satellite CloudSat to detect precipitation during the cold season. 

Additional research conducted by Hudak et al. (2002) compared Radar signatures of two 

ground-based polarimetric Radars to detect winter storm conditions in southern Canada 

using McGill S-band and McMaster University IPIX X-band Radar in the survey. The 

results suggested that X-band KDP performed better than the S-band for detecting winter 

precipitation. Also, ZDR and KDP Radar reflectivity products provided valuable 

information to differentiate mixed phase from glaciated conditions.  A new approach to 

detect Radar composite coverage area of shallow convective lake-effect snowstorms 

using negative elevation angles was tested over Lake Ontario using both NEXRAD S-
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band and Canadian C-band Radar by Brown et al. (2007). The Radar composite coverage 

area was increased from 40% to 85% in the lower half (0–1 km) of the lake-effect 

snowstorm using downward Radar scans toward the lake’s surface. 

2.5.3.  Evaluation of weather Radar QPEs 

Evaluation of Radar QPEs as an alternative precipitation source for in-situ rain 

gauge measurements was performed using different weather Radar products across 

Canada in the past literature. In 1974, Austin and Austin studied both McGill S-band 

Radar QPEs and gauge measurements to detect rainfall, leading to the flooding of house 

basements in the City of Ottawa, Ontario. After evaluating nine summer storm events, the 

study concluded that weather Radar could make a useful contribution to urban hydrology 

by supplementing it with gauge measurements. Barge et al. (1979) assessed the benefits 

of weather Radar over rain gauges in hydrological studies. The accumulated precipitation 

for Red Deer River Basin, Alberta estimated by Alberta Research Council's S-band Radar 

and an independent gauge data throughout a stormy 6-day period (for 1400- 2000 MDT 

from July 26-31, 1977) agreed to within 15%. The authors suggested that the best 

possible rainfall over a basin could be estimated using the combination of precipitation 

data from both gauge and weather Radar because the gauges accurately measure the 

surface rainfall at a point. In contrast, the weather Radar determines the spatial variability 

of precipitation. The authors also suggested the weather Radar as a potentially useful 

hydrology tool because of much faster availability and accounting for spatial variability 

than gauge data. Damant et al. (1983a) evaluated the widely used Thiessen interpolation 

technique using average Radar estimated QPEs as a reference over the Yamaska River 
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watershed using McGill S-band Radar. Analysis of thirteen summer storms revealed 

errors between 3% and 69% for the whole basin. The associated errors depend heavily on 

the type of rainfall (convective or stratiform). After a comprehensive evaluation of four 

rainfall analysis methods over the Grand River basin above Cambridge (Gait) in southern 

Ontario using Woodbridge C-band Radar, Dalezios (1988) suggested that weather Radar 

generally underestimates heavy rainfall and overestimates light rainfall. 

Besides Canadian C-band Radar QPEs, a few studies evaluated NEXRAD Radar 

QPEs as a potential precipitation source for hydrological applications in Canadian 

watersheds.  Chen and Farrar (2007) evaluated NEXRAD S-Band Radar QPEs in Eastern 

Ontario for potential flood monitoring and water budget analysis.  A relatively high 

correlation of 0.78 was observed during heavy rainfall events between daily NEXRAD 

QPEs and gauge measurements. Also, 62% of Radar data underestimated the observed 

precipitation by gauges, and the underestimation was more significant for less intense 

rainfall. In comparison to the interpolated rainfall surface from rain gauges, NEXRAD 

showed a more continuous pattern. As a part of a study that focused on Lake Simcoe's 

water quality in southern Ontario, Ramkellawa et al. (2009) proposed using NEXRAD S-

band Radar QPEs to represent rainfall after adjusting with local rain gauges. The Radar 

QPEs better represented localized rainfall, with most correlation coefficients being over 

0.90. Another study emphasized the usefulness of weather Radar as a precipitation source 

in the areas where gauge density is sparse to provide additional insight on extreme rainfall 

events over southern Ontario using NEXRAD S-Band Radar QPEs (Paixao et al. 2015). 
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The authors also emphasized the importance of incorporating weather Radar and gauge 

measurements in identifying homogeneous regions of extreme rainfall.  

2.5.4.  Radar-gauge merging 

Integrating weather Radar and gauge measurements to enhance the space-time 

quality of the precipitation is called radar-gauge merging (Wijayarathne et al. 2020a; 

McKee and Binns 2016; Thorndahl et al. 2016; Wang et al. 2013). The purpose is to 

merge strengths while diminishing the limitations of both Radar and gauge measurements 

(Wijayarathne et al. 2020a McKee and Binns 2016). McKee and Binns (2016) described 

and compared eight radar-gauge merging methods with the complexity ranging from 

simple mean-field bias correction to Bayesian data combination. The authors concluded 

that merging methods are primarily affected by several factors, such as gauge network 

design, storm type, and the adjustment technique's time step. The authors also brought up 

the lack of research on the near real-time application of radar-gauge merging methods in 

Canada. Therefore, further research was recommended to evaluate Radar QPEs and 

adjustment techniques especially for operational hydrological modeling for flood 

forecasting in Canadian watershed.  

  Hessami, Anctil, and Viau (2004) performed a statistical-like approach based on 

artificial neural networks to combine McGill S-band and rain gauge observations for 

hourly accumulation. The study mapped the weather Radar (input space) to the rain 

gauges (output space) using different artificial neural network models for a post-

calibration of the Radar QPEs. The Levenberg-Marquardt algorithm using Bayesian 

regularization was introduced as an accurate and reliable method for radar-gauge 
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merging, especially for real-time urban hydrological applications. McKee et al. (2018) 

evaluated several radar-gauge merging techniques with single-polarized Canadian WSO 

experimental C-band over the Upper Thames River Basin, Ontario, to determine the 

effect of radar-gauge merging on the accuracy of QPEs as well as predicted stream flows. 

The authors concluded that radar-gauge merging increased the accuracy of QPEs and 

predicted streamflow. The gauge density, rainfall intensity, and time-step of adjustment 

technique showed a profound effect on radar-gauge merging. A recent study conducted 

by Wijayarathne et al. (2020a) evaluated several radar-gauge merging techniques 

focusing on hydrological model run for operational flood forecasting in urban watersheds. 

Methods were deployed using four types of Radar QPEs with hourly temporal resolution 

(two dual-polarized King City C-band and two KBUF NEXRAD S-band) over Semi-

urban Humber River and urban Don River watersheds in the GTA, Canada. Surprisingly, 

the simple Cumulative Distribution Function Matching (CDFM) method outperformed 

Kriging with radar-based error correction (KRE) method even though geostatistical 

methods are known to be the best for radar-gauge merging. The performances were better 

for low- to medium-intensity rainfall during the summer, where convective rainfall events 

prevail. 

2.6.  Challenges in the use of Radar QPEs in operational hydrology in Canada 

Even though weather Radar produces real-time, spatially, and temporally 

continuous precipitation data, the operational use of Radar QPEs in hydrology is rare in 

Canada. The intrinsic errors linked to Radar measurements and, subsequently, Radar 

QPEs, are considered the main disadvantages. As weather Radar does not measure the 
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precipitation directly, Radar-based rainfall estimates are known to be subject to errors 

from different sources such as variability of the drop size distribution, evaporation, 

attenuation, advection, vertical air motion, ground clutter, radome wetting, Radar 

instrument miscalibration, partial beam blocking, and beam filling (Boodoo et al. 2015; 

Wang et al. 2015). Variability in Z-R relationships also induce errors for the Radar 

rainfall estimates. Those errors cause consistent over or underestimating Radar estimated 

rainfall compared to the rain gauges (Vallabhaneni et al. 2005).  

A significant improvement of Radar estimated rainfall was observed when 

polarimetric signals were used for the Canadian basins (Boodoo et al. 2015). Also, the 

uncertainties in Radar QPE significantly decreased when the distance to the Radar 

stations was reduced by increasing the Radar network density. Both methods require 

significant investment, and hence, the adjustment based on rain gauges is still needed 

(Thorndahl et al. 2016). It is difficult to recommend one radar-gauge merging method 

because it depends on the application and the basin characteristics (Goudenhoofdt and 

Delobbe 2009). Therefore, choosing the best method for a selected watershed is always a 

compromise. Also, a high quality, dense gauge network is required for a reliable Radar 

rainfall adjustment. Therefore, frequently observed defects in gauge measures such as 

missing data, time shift, clogging of the gauge, calibration errors, wind effect, etc. need to 

be eliminated for accurate QPEs (Thorndahl et al. 2016; Gires et al. 2014; Ciach et al. 

2007).  

As mentioned before, Canada’s current Radar network includes 31 Radar stations 

covering only populated areas and does not contain all watersheds in Canada. Canada is 
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geographically large, and hence the basins are also relatively large (Figure 2-3). 

According to the Data Resource Centre of the University of Guelph Library,  there are 

1480 stations with climate normal in Canada; however, only 496 stations meet the United 

Nation's World Meteorological Organization (WMO) standards. In Canada, the existing 

hydrometric network is lacking in all main watersheds compared to the WMO standards. 

The most deficient hydrometric networks are identified in Alberta (North Saskatchewan, 

Oldman, and Red Deer basins), Northern Ontario (Hudson Bay basin), and the Northwest 

Territories (Mishra and Coulibaly 2010). It was also found that the southernmost urban 

and suburban catchments are too poorly equipped and do not meet the WMO guidelines 

for hydrological studies (Coulibaly et al. 2013). Dramatic reduction of the hydrometric 

stations was noticed recently in Canada, and the main reason was identified as the 

budgetary cutbacks and shifts in government priorities in the 1990s (Mishra and 

Coulibaly 2009; Pilon et al. 1996). Since adjusting Radar to match with rain gauges is 

crucial in Radar hydrometry, the poorly gauged network remains a significant challenge 

in Canada.  

http://www.climate.weatheroffice.gc.ca/prods_servs/normals_documentation_e.html
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Figure 2-3 Canadian gauge network, hydrometric delineations (major river basins and 

hydrography), and Radar gauge coverage (Gauge network data source: Data Resource 

Centre, University of Guelph Library) 
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Another reason for the limited use of Radar in Canadian hydrology is still ongoing 

development of the Radar infrastructure. Radar stations must cover a broad range, 

including Doppler scans, to increase the overlaps with neighboring Radar stations. 

However, broadening the Doppler range will involve considerable investment. Also, the 

country varies geographically, and very few Radar stations are placed on remote and 

mountainous sites (e.g., the Val d’Irene Radar site located on top of the Chic-Choc 

Mountains in the south shore of the St Lawrence River). These factors limit the 

establishment of the Radar sites and hence, the use of Radar in operational hydrology in 

Canada.  

Additional significant challenge the Canadian meteorologists and hydrologists 

face is the variability in the Vertical Profile of Reflectivity (VPR). The error due to VPR 

is significant in Canada because large parts of the country are located beyond the Doppler 

range (120 km) from the nearest Radar. Since Radar performs a volumetric scan at 

different elevation angles, precipitation is detected at different heights from the Earth's 

surface. The measurements are taken aloft because the distance from the Earth’s surface 

increases as the Radar beam travels away from the Radar station. Therefore, VPR 

correction is necessary to measure the precipitation intensity at the Earth’s surface based 

on the scans performed aloft.  

Bright band contamination during the cold seasons remains a challenge in the use 

of weather Radar in hydrology. At high latitudes, the freezing level is typically at low 

altitude (e.g., less than 2 km) even during summertime rainfall. However, many studies 

were limited to the summer period, where the bright band effect is minimal (Wijayarathne 
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et al. 2020b; Boodoo et al. 2015). Even though a few studies attempted to correct the 

Radar QPEs for bright band contaminations in Canada, the issue remains a challenge 

(Boodoo et al. 2010; Fabry and Zawadzki 1995; Humphries and Barge 1979). Methods to 

find the areas, type of rainfall, and timing of the year where bright band contamination is 

possible is vital to apply an adequate correction to weather Radar measurements during 

QPE generation. The newly deployed MRR would help in future research focusing on 

bright band contamination because of the ability to detect the bright band's level. 

Associated computational power and storage in Radar data collection, processing, 

management, and archiving are always challenging. Because of the high spatial and 

temporal resolution of weather Radar data and associated QPE products, higher storage 

and memory allocation are required compared to the gauge data.  

2.7.  Conclusions and future work 

Precipitation information derived from weather Radar has drawn significant 

attention in Canada because it provides real-time, spatially and temporally continuous 

data over a large area. This paper presents a thorough review of the existing Canadian 

weather Radar network and summarizes the previous studies in the hydrological context. 

Despite the good progress achieved in the use of weather Radar in hydrological studies in 

Canada, there is much work ahead. 

According to the previous literature, Radar QPEs were used to determine the type 

of precipitation, precipitation features, structure, and moisture transport. Radar 

precipitation estimates were also used for operational forecasting such as weather 

forecasts, snow depth predictions, operational weather warnings, and flood forecasting. 
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Furthermore, it was an excellent tool to validate and interpret results produced by the 

atmospheric models. The use of radar-derived rainfall as precipitation forcing to 

hydrological models was not a typical application in Canada compared to the USA. Most 

of the studies in Canada were performed using the model WATFLOOD. The linear 

extrapolation of Radar images was frequently used by researchers to make nowcasts in 

Canada. Even though Radar provides gridded precipitation estimates, intrinsic errors 

associated with Radar, variability in Z-R relationship, the poorly gauged precipitation 

network, the ongoing development of the Radar infrastructure, existing C-band single-

polarized Radar network, and the complex geography in Canada were identified as the 

most challenging tasks in the use of weather Radar in Canadian hydrology. 

Considering the challenges mentioned above and looking into the future, further 

research should be conducted to address the gaps. Evaluating newly developed Radar 

QPE products is necessary to verify their reliability and accuracy as an additional 

precipitation data source for operational hydrology. The added value of dual-polarized 

Radar over single-polarized Radar to generate QPE products for operational application 

should be investigated.  In particular, the added value of dual-polarized Radar into 

hydrological models to simulate streamflow in real-time should be thoroughly examined 

using newly developed hydrological models. Different Radar adjustment techniques and 

their impacts have been studied for years, and it is difficult to recommend one method 

over others since it depends on the application and basin characteristics. Further research 

is needed to look for the best adjustment techniques using the existing rain gauge network 

to adjust both Canadian and NEXRAD Radar data before their use. Even though the 
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application of Radar QPEs as precipitation input to hydrological models was tested in 

research, the operational application is relatively sparse. Therefore, the current research 

findings need to be tested for operational use, such as flood forecasting. Arc-GIS provides 

a platform for automated processing of the Radar data and allows rapid data display. 

Hydrological studies are significantly improved in recent years with the linkage of Radar 

with the GIS system in the USA and Europe and are highly recommended for Canada. A 

few studies investigated the use of weather Radar QPEs in mountainous regions where 

errors are highly likely. Radar measurements in mountainous regions are affected by 

ground echoes, beam blockage, bright band interception, VPR variability, and frequent 

rainfall. The potential of using weather Radar in mountainous regions remains a challenge 

in Canada, and further research is recommended. As discussed in this review, In Canada, 

hydrological modeling using radar QPEs has only addressed the quantitative approaches. 

Even though qualitative applications of hydrological modeling were addressed in other 

parts of the world (Joss and Germann 2000), this remains a niche for future research in 

Canada.  

In conclusion, the use of weather Radars in hydrology has matured steadily in 

Canada. However, further research is essential to fill the gaps summarized herein to 

facilitate and enhance hydrological applications of radar-derived precipitation in the 

Canadian context.  
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Chapter 3. Evaluation of Radar Quantitative Precipitation Estimates 

(QPEs) as an Input of Hydrological Models for Hydrometeorological 

Applications 

Summary of Paper 2: Wijayarathne, D., Boodoo, S., Coulibaly, P., and Sills, D. (2020). 

Evaluation of Radar Quantitative Precipitation Estimates (QPEs) as an Input of 

Hydrological Models for Hydrometeorological Applications. Journal of 

Hydrometeorology, 21(8), 1847-1864. https://doi.org/10.1175/JHM-D-20-0033.1. 

The objective of this study is to verify the reliability and accuracy of Radar QPEs 

as precipitation input for hydrometeorological models. Nine hourly Radar QPEs from 

rain-rate relationships using Horizontal reflectivity (Z), Differential reflectivity (ZDR), and 

Specific differential phase (KDP) for twenty rainfall events over two watersheds; Humber 

River (semi-urban) and Don River (urban) watersheds, were used in this study. Two 

KBUF NEXRAD S-band Radar QPEs at Buffalo, New York, USA, and seven WKR C-

band dual-polarized Radar QPEs at King City, ON, Canada were evaluated.  

Key results of this research include: 

• KBUF NEXRAD S-band QPEs can be used as precipitation forcing for 

hydrological models in Canadian watersheds. 

• WKR C-band Radar QPEs with a multi-parameter rain rate estimator using KDP 

and ZDR performs equally well as KBUF NEXRAD S-band Radar QPEs. 

• Continuous time series could be generated using WKR radar QPEs, which has a 

high temporal resolution, long-term data archive, and good percent detection. 



Ph.D. Thesis - Dayal Wijayarathne                                           McMaster University-Earth Science 

76 

 

• Persistent spatial variation of all verification matrices indicates the potential of 

Radar QPEs as gridded precipitation input for distributed hydrological models. 

3.1.  Abstract  

Weather radar provides real-time, spatially distributed precipitation estimates, 

whereas traditional gauge data are restricted in space. The use of Radar Quantitative 

Precipitation Estimates (QPEs) as an input of hydrological models for 

hydrometeorological applications has increased with the development of weather radar 

worldwide. New dual-polarization technology and algorithms are showing improvements 

to radar QPEs.  

This study evaluates radar QPEs from C-band radar at King City, Canada (WKR), 

and NEXRAD S-band radar at Buffalo, USA (KBUF) to verify the reliability and 

accuracy for operational use in the Humber River (semi-urban) and Don River (urban) 

watersheds in the Greater Toronto Area (GTA), Canada. Twenty rainfall events that 

occurred from 2011 to 2017 were determined from hourly gauge measurements and 

compared with nine radar QPEs. Rain rates were estimated with different algorithms 

using three dual-polarized reflectivity values: Horizontal reflectivity (Z), Differential 

reflectivity (ZDR), and Specific differential phase (KDP). The correlation coefficient, bias, 

detection, and root mean square error were calculated and averaged over all events for 

each gauge station to show the spatial distribution and in a similar pattern to represent the 

variation by the event.   
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The quality of the results in terms of accuracy and reliability indicates that the 

radar QPEs from KBUF S-band and WKR C-band multi-parameter rain rate estimators 

can be effectively used as precipitation forcing of hydrological models for 

hydrometeorological applications. The high spatio-temporal resolution, long term data 

archive, and good percent detection of radar QPEs can facilitate hydrometeorological 

applications by providing a continuous time series for hydrological models. 

3.2.  Introduction 

There is ample evidence of an increase in extreme weather events during the 21st 

century, mainly due to climate change (Jentsch et al. 2007; Pachauri et al. 2014). After 

earthquakes and tsunamis, floods have been the deadliest natural disaster in the world 

over recent decades (Balica et al. 2013). Enhanced meteorological extremes accelerate the 

hydrological cycle and cause fluctuations in the discharge that cause floods (Han and 

Coulibaly 2017; Reggiani and Weerts 2008). In Canada, floods are identified as the most 

frequent natural hazard to life, property,  economy, and environment in the past century 

and show an increasing trend over time (Bowering et al. 2014). As reported by Public 

Safety Canada, the estimated total costs of massive floods in Canada from 1900 to 2016 

were estimated at almost 36 billion CADs  (The Canadian Disaster Database 2019). 

Therefore, flood mitigation measures are vital for flood-prone regions, and an enhanced 

flood forecasting system is an essential part of flood mitigation.   

A proper flood forecasting system can deliver precise and reliable forecasts with 

adequate lead time (Cloke and Pappenberger 2009). Over the past few decades in Canada, 

flood forecasting and nowcasting had been conducted based on hydrological modeling 
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using lumped, semi-distributed, and distributed models (Moradkhani and Sorooshian 

2008). Different hydrological models are being used across Canada for flood forecasting 

(Zahmatkesh et al. 2019). Even though different static and dynamic precipitation data are 

available in Canada, the precipitation input of hydrological models rely mostly on in-situ 

rain gauge data (Unduche et al. 2018; Zahmatkesh et al. 2019). Point data from gauges 

use different interpolation techniques to make spatially distributed precipitation grids for 

hydrological modeling applications (Nerini et al. 2015). Widely used interpolation 

techniques introduce errors to precipitation estimates, mainly due to their inability to 

quantify interpolation uncertainty (Boluwade et al. 2017; Tabios III and Salas 1985). In 

operational hydrology, spatially distributed precipitation estimates with a high temporal 

resolution are preferred to use as the meteorological input for hydrological models.  

Nowadays, with the worldwide development of weather radar infrastructure, there 

is considerable interest in real-time, spatially distributed precipitation information derived 

from radar over conventional rain-gauge data for hydrometeorological applications such 

as flood forecasting (Thorndahl et al. 2016).  Also, the use of hydrological models in 

combination with radar estimated Quantitative Precipitation Estimates (QPEs) as a 

substitute to rain gauges has evolved recently mainly with the advances in radar 

hardware, data processing, and numerical models (Şensoy et al. 2016). Rain gauges are 

reliable instruments for rainfall point measurements, but the rainfall varies both in space 

and time, which is not captured by typical rain gauge networks (Dhiram and Wang 2016). 

Unlike gauges, radar produces real-time, spatially, and temporally continuous data that 

enhances hydrometeorological applications (e.g., flood forecasting) in small urban 
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watersheds (Thorndahl et al. 2016). In relatively large watersheds with sparse rain gauge 

density, weather radar provides a reliable source of precipitation input for hydrological 

models that facilitate hydrometeorological applications (Price et al. 2014).  

The concept of radar estimated QPEs for hydrological applications first appeared 

at the urban storm drainage conference in Sweden, 1984 (Einfalt et al. 2004). In 

conjunction with the advances in radar systems, computer power, and hydrological 

models over the past decades, the application of radar QPEs as precipitation input for 

hydrological models has been increased since then (Beneti et al. 2019; Khan et al. 2019; 

Meischner 2005; Ran et al. 2018). Different countries produce commercial weather radar 

QPEs providing a grid with precipitation accumulation over time (e.g., Next Generation 

Weather Radar (NEXRAD) in the USA, NIMROD in the UK and Radar-Online-

Aneichung (RADOLAN) in Germany) (Krajewski et al. 2010a; Marx et al. 2006; Moore 

et al. 2004; Wijayarathne et al. 2020). Also, the accuracy and reliability of weather radar 

QPEs have been significantly improved with the use of dual-polarized radar products 

such as Specific Differential Phase (KDP) and Differential Reflectivity (ZDR) (Bringi et al. 

2011; Chandrasekar et al. 2013; Hall et al. 2015; Park et al. 2005; Sugier et al. 2006; 

Dufton 2016; Ryzhkov et al. 2005). Hydrometeorological applications in urban and semi-

urban watersheds are benefited mostly from real-time operational weather radar QPEs. 

For example, local operational warning systems based on weather radar QPEs have been 

developed to help emergency planning worldwide (Thorndahl et al. 2017; Vivoni et al. 

2006; Krajewski et al. 2017; Hapuarachchi et al. 2011). For example, the Weather 

Research and Forecasting (WRF) model, which is a fully coupled atmospheric-land-
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surface/hydrologic model, has been used to forecast heavy precipitation events by 

assimilating conventional observations and weather radar products (Mazzarella et al. 

2020). However, the use of radar QPEs in operational hydrology is yet to be implemented 

in Canada.  

Research in Canadian weather radar began under the project Stormy Weather at 

the end of the Second World War in 1943 (Sills and Joe 2019; Douglas 1990). Since then, 

the radar network was gradually expanded, and the application of weather radar in 

hydrometeorological applications has evolved significantly. The current Canadian radar 

network includes 31 radar stations and covers most of the populated areas (Joe and 

Lapczak 2002). This radar network provides reflectivity measurement at a range of 256 

km in a radius around the radar site and a Doppler coverage at a range of 120 km around 

the site (Mekis et al. 2018). The King City weather radar (WKR) facility located in the 

north of Toronto, Ontario is the first Doppler radar system to be designed and operated in 

Canada specifically for the weather radar observations (Crozier et al. 1991). In 2004, 

King City C-band radar (~5 cm) was upgraded to dual-polarization technology and 

operates in simultaneous transmit and receive mode (Boodoo et al. 2015).  

Other than the Canadian weather radar systems, the American radar system 

NEXRAD covers areas close to the USA – Canada border where most of the Canadian 

population resides (Fortin et al. 2015). For example, the NEXRAD radar station at 

Buffalo (KBUF) covers the Greater Toronto Area (GTA) in Canada. NEXRAD is a 

Doppler weather radar network developed by National Weather Services (NWS) of the 

United States that comprises 160 weather surveillance radar across the United States 
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(Mekis et al. 2018; Weber et al. 2007). Currently, both single-polarimetric rain rate R(Z) 

algorithms and Dual-polarimetric (DP-QPEs) rain-rate algorithms are used by NWS for 

the NEXRAD radar in the USA (Ryzhkov et al. 2005; Berkowitz et al. 2013). Two levels 

of NEXRAD products are available to the public in the National Centers for 

Environmental Information (NCEI) archives (National Climatic Data Center 2018). Level 

II NEXRAD data are the three meteorological base data: reflectivity, mean radial 

velocity, and spectrum width. Level III NEXRAD, which is mostly used in hydrological 

studies, are derived from Level II data from multiple weather radars covering the area 

(Chen and Farrar 2007; Xie et al. 2006).  

Even though the radar QPEs had been used for nearly 30 years in hydrological 

applications, the use of radar QPEs as an input of hydrological models is still 

controversial mainly due to the associated errors (Rabiei and Haberlandt 2015; Wang et 

al. 2015). The accuracy is contentious due to errors in measurements and reflectivity-rain 

intensity conversions and causes uncertainties in hydrological models (Dai et al. 2018). 

Since radar provides indirect rainfall measurements, errors can be induced by the 

variability of the drop size distribution (Maki et al. 2005), attenuation (Park et al. 2005), 

ground clutter (Hubbert et al. 2009), radar miscalibration (Ayat et al. 2018), partial beam 

blocking (PC et al. 2013), evaporation, advection, vertical air motion, radome wetting, 

and beam filling (Thorndahl et al. 2016; Wang et al. 2015). Therefore, evaluation is 

essential before using radar QPEs in hydrometeorological applications.  

When compared to the USA, studies on the radar QPE evaluation in Canada is 

relatively sparse. The first study was conducted to assess the benefits of weather radar in 
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hydrological studies in the Red Deer River Basin, Alberta using Alberta Research 

Council's S-band radar (Barge et al. 1979). The estimated precipitation using the 

Marshall-Palmer Z-R relation for the James River sub-basin by the two methods only 

agreed to within 15% throughout a stormy 6-day period. Another study compared the 

mean areal rainfall computed using the Theissen polygon method and weather radar in the 

Yamaska river watershed using McGill S-band radar data (Damant et al. 1983). The error 

between 3% and 69% were reported for thirteen storms compared to the gauge data. A 

performance assessment of Woodbridge C-band radar QPEs using the Z =295R1.43  

algorithm for the Grand River basin above Cambridge in Southern Canada was conducted 

over six storm events from 1975 to 1978 by Dalezios in 1988. A systematic mean storm 

radar bias, which varies from 0.37-2.56, was observed between gauge and radar storm 

accumulations. In 1992, Schell et al.  examined the capability of radar QPEs to enhance 

the storm hydrographs simulation for six rainfall events occurring in 1986 and 1987 over 

St. Dominique watershed (8.13 km2) in south-western Quebec using McGill weather 

radar (Z=200R1.6). A minor improvement in hydrograph simulation was observed for 

high-intensity rainfall events when radar QPEs were used as input to the HYdrological 

MOdel (HYMO). In 2003, Fassnacht investigated the radar QPEs versus gridded gauge 

data as precipitation input to hydrological model WATCLASS for the Upper Grand River 

basin in central, southwestern Ontario, Canada using King City C-band for five winters 

from 1993 to 1997. The radar QPEs outperformed the gauge data in the model simulating 

runoff volumes with reported underestimation of 41.7% and 0.3% for gauge and radar 

QPE, respectively. Most recently, Boodoo et al. (2015) evaluated several radar QPEs 
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from the King City C-band dual-polarized radar for a flash flooding in the city of Toronto 

after a heavy rainfall event over a 2-h period on 8 July 2013. This study evaluated total 

storm accumulations of WKR C-band QPE algorithms based on different dual-polarized 

products, horizontal reflectivity (Z), differential reflectivity (ZDR), specific differential 

phase (KDP), and specific attenuation at horizontal polarization (A). KBUF NEXRAD S-

band dual-polarized radar at Buffalo, New York, and gauges were used as the reference. 

The study demonstrated good performance from the algorithms based on KDP and A. The 

only evaluation of NEXRAD radar QPEs in Canadian watersheds (to the best of our 

knowledge) was conducted in 2007 by Chen and Farrar in 2007.  A correlation of 0.78 

was reported between the daily accumulation NEXRAD radar QPEs and rain gauge 

measurements.  Also, 62% of NEXRAD radar QPEs underestimated the precipitation, 

especially for small rainfall events. Nevertheless, a more continuous pattern of rainfall 

was observed in radar precipitation surface than the interpolated gauge surface.  

Currently, a satisfactory technique to incorporate radar QPEs for hydrological 

models in Canadian watersheds in real-time or near real-time does not exist. Also, a 

robust method to correct biases in radar QPEs before using them as precipitation input to 

hydrological models has not been evaluated to date. Both bias correction of radar using 

radar-gauge merging and eventually incorporating radar QPEs into hydrological models 

depends on the accuracy and reliability of radar QPEs (Wijayarathne et al. 2020). A few 

studies have evaluated radar QPEs in Canadian watersheds but were limited to a single Z-

R rain rate relationship, mostly Marshall-Palmer (Barge et al. 1979; Damant et al. 1983; 

Dalezios 1988; Schell et al. 1992). Also, many of the past studies have evaluated 
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monthly, daily, or accumulations over storms (Barge et al. 1979; Dalezios 1988; Boodoo 

et al. 2015). However, hydrometeorological applications such as operational flood 

forecasting requires high temporal (hourly or sub-hourly) precipitation inputs. Therefore, 

an extensive evaluation of existing radar QPEs in Canadian watersheds using high 

temporal (hourly) radar QPEs is necessary. Floods can be triggered either by high intense 

rainfall occurring in short periods or persistent low intense rain for a more extended 

period (Diakakis et al. 2016). Therefore, a wide range of rainfall intensities needs to be 

considered to draw more reliable conclusions. Evaluating the accuracy and reliability of 

different radar QPEs would help develop Ensemble Prediction Systems (EPS) by using 

various precipitation ensembles derived from different R-Z algorithms to force the 

hydrological models (Cloke and Pappenberger 2009; Moradkhani and Sorooshian 2008). 

Thus, a comprehensive evaluation is necessary before using radar QPEs as input to 

hydrological models with high confidence.  

This study is the first attempt to evaluate nine hourly radar QPEs for twenty 

rainfall events that reported in spring, summer, and fall periods from 2011 to 2017 over 

two watersheds in the GTA, Canada: Humber River (semi-urban) and Don River (urban) 

watersheds. Two KBUF NEXRAD S-band radar QPEs at Buffalo, New York, USA, and 

seven WKR C-band dual-polarized radar QPEs at King City, ON, Canada are used for the 

study. The goals of this study are; 1) to evaluate hourly radar QPEs/ algorithms to assess 

which best suits the urban watersheds in GTA, Canada; 2) to illustrate the performance of 

radar QPEs for different rainfall events. 3) to assess the performance of radar QPEs at 

different rain intensities and in different seasons. The outcome of this research will help 
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to identify the best radar QPE to be implemented in the two urban watersheds in GTA, 

Ontario, Canada. Also, the evaluation of radar QPEs will facilitate the radar-gauge 

merging and, subsequently, hydrometeorological applications such as real-time flood 

forecasting.  

3.3.  Study area 

The Humber River watershed and Don River watershed are the two watersheds of 

interest (Figure 3-1). Both watersheds are in the Greater Toronto Area and are currently 

managed by the Toronto and Region Conservation Authority (TRCA). These watersheds 

are urban and encompass many impervious areas; hence they are considered flood-prone. 

Recent flood events (e.g., 2013 Toronto flash flood) have emphasized the need for 

enhanced flood forecasting systems that deliver precise and reliable forecasts with 

appropriate lead time.   

The Humber River watershed is a part of the Great Lakes basin and is considered 

the largest watershed in the GTA. The watershed encompasses an area of 911 km2. Land 

uses consist of approximately 54% rural land, 33% urban land, and the remaining 13% 

urbanizing land (Watershed Features - Humber River n.d.). This watershed is semi-urban 

and home to over 800,000 residents. A detailed description of the Humber River 

watershed can be found in the TRCA Watershed Features - Humber River website 

(Watershed Features - Humber River n.d.). 

The Don River watershed is considered a fully urbanized watershed with 

approximately 80% developed areas and the remaining area being wetlands, forest, 

croplands, and pasture (Natural Resources Canada 2009). The watershed is approximately 
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350 km2 in size, and the catchment is home to over 1 million residents. For further details 

of the Don River watershed, readers are referred to the TRCA Don River website (Don 

River n.d.). 

 
Figure 3-1 Humber River and Don River watersheds in GTA 

 

3.4.  Materials and methods 

3.4.1.  Data Description 

3.4.1.1.  Rain gauge 

One-hour accumulations of surface rainfall data provided by tipping-bucket rain 

gauges from 2011- 2017 were gathered from TRCA data archives. The temporal 
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resolution of received rainfall data ranges from 5 to 60 min. TRCA operates eighteen 

real-time tipping-bucket rain gauges distributed across the two watersheds. All gauges are 

located within the ~40 km radius range of King City (WKR) Canadian C-band radar 

station (Figure 3-2). Apart from Canadian radar, both watersheds have an excellent radar 

spatial coverage from the Buffalo (KBUF) NEXRAD S-band radar. All TRCA gauge 

stations are located within the usable range (<180 km) of KBUF NEXRAD S-band radar 

station (Figure 3-2). 

 
Figure 3-2 Spatial coverage of radar from King City Canadian C-band radar (WKR) and 

Buffalo USA NEXRAD S-band radar (KBUF) 
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3.4.1.2.  KBUF NEXRAD S-band radar QPEs 

NEXRAD Level III S-Band radar estimated precipitation data recorded at the 

Buffalo radar (Lat 42.94639 Lon -78.72278) for the same period as gauge data were 

downloaded from the National Centers for Environmental Information (NCEI) archives 

(National Climatic Data Center 2018). Two NEXRAD Level III QPE products, One-Hour 

Precipitation (N1P/78), and Digital Precipitation Array (DPA/81), were used in this study. 

N1P/78 is a radar estimated one-hour precipitation accumulation at the volume scan time 

on a 1.1-nm by a 1-degree grid. The DPA/81 is a radar estimated one-hour precipitation 

accumulation on the 4.7625 km Hydrologic Rainfall Analysis Projection (HRAP) grid.  

3.4.1.3.  King City WKR C-band QPEs 

POLarimetric Plan Position Indicator (POLPPI) scans at 0.5-degree elevation 

completed in ~1 min with 0.25 km × 0.5-degree range and azimuthal resolution and 

repeated in a 10-min cycle were collected from Environment and Climate Change Canada 

(ECCC) data archives. 

3.4.2.  Data preprocessing and derivation of rainfall time series 

3.4.2.1.  KBUF NEXRAD S-band radar 

Both NEXRAD N1P/78  and DPA/81 products have been calculated using the 

Precipitation Processing System (PPS) algorithm using R= 0.017Z0.714 Z-R relationship 

(Fulton et al. 1998). Raw data are stored as ASCII format. The NEXRAD S-band radar 

QPEs comprise an accumulation of precipitation over 1 hour. The NEXRAD S-band 

radar QPEs at 1-hour intervals were exported into ASCII format using NOAA’s Weather 
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and Climate Toolkit (WCT). The Binary NEXRAD radar QPE data were then converted 

into GeoTIFF files using batch processing capability of the terminal version of WCT. 

Several scripts were written in MATLAB, Python, and batch files to facilitate data 

processing (Guzman et al. 2013). ArcGIS 10.6.1 was used to re-project gridded 

NEXRAD data into Universal Transverse Mercator (UTM) coordinate system. Re-

projected NEXRAD grids were then clipped into watershed boundaries with the use of 

modeling tools in ArcGIS.  

3.4.2.2.  WKR C-band radar 

Radar QPEs were estimated for each of the POLPPI scans at 10 min intervals 

using different rain rate estimator algorithms listed in Table 3-1. In this study, the 

modified ZPHI attenuation correction, which depends on identified hotspots, was used to 

correct Z and ZDR for attenuation. For further details on ZPHI attenuation correction, 

readers refer to Ryzhkov et al. (2006, 2007) and Boodoo et al. (2015). After attenuation 

correction, rain rates are calculated using R (Z), R (Z, ZDR), R (Z, KDP), and R (KDP, ZDR) 

algorithms. Rain rates using both raw and attenuation corrected Z and ZDR were estimated 

using conventional Marshall Palmer (R = 0.0365Z0.625) algorithm (Marshall and Palmer 

1948). Also, the US-derived Z-R relationship by Fulton et al. (1998) was used to derive 

radar QPEs using WKR C-band radar (Z) to compare the rainfall accumulation in the 

overlapping radar (NEXRAD and WKR) coverage with the same Z-R relationship. Since 

the coefficients of the Z-R relationship by Fulton et al. (1998) are much similar to the Z-R 

relationship suggested by Richards and Crozier (1983) for WKR radar, the effects of 

attenuation, height difference and other factors in the resulting accumulations can be 
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compared. Moreover, a combined Z and KDP algorithm using a threshold on KDP and Z 

was estimated using algorithms R = 0.017Z0.714and R = 33.8KDP
0.79, suggested by 

Brandes et al. (2002). Furthermore, two multi-parameter rain-rate estimators, R (Z, ZDR) 

and R (KDP, ZDR), were used to estimate rainfall for the evaluation (Bringi et al. 2011).  

 

Table 3-1 List of rain-rate estimators for radar QPEs.  

Product Description Formula Reference 

C1 
standard Marshall Palmer 

with uncorrected Z 
𝑅 = 0.0365𝑍0.625 

(Marshall and Palmer, 

1948) 

C2 
standard Marshall Palmer 

with attenuation corrected Z 
𝑅 = 0.0365𝑍0.625 

(Marshall and Palmer, 

1948) 

C3 
attenuation corrected Z but 

using NEXRAD R(Z) 
𝑅 = 0.017𝑍0.714 (Fulton et al. 1998) 

C4 

combined Z and KDP 

algorithm using a threshold 

on KDP 

 

𝑅 = 0.017𝑍0.714 

𝑅 = 33.8𝐾𝐷𝑃
0.79 

(Brandes et al. 2002) 

C5 

combined Z and KDP 

algorithm using a threshold 

on Z 

 

𝑅 = 0.017𝑍0.714 

𝑅 = 33.8𝐾𝐷𝑃
0.79 

(Brandes et al. 2002) 

C6 
Multi parameter rain rate 

estimator using Z and ZDR 

 

𝑅 = 0.0058𝑍0.9110−0.209𝑍𝐷𝑅 
(Bringi et al. 2011) 

C7 
Multiparameter rain rate 

estimator using KDP and ZDR 

 

𝑅 = 37.9𝐾𝐷𝑃
0.8910−0.072𝑍𝐷𝑅 

(Bringi et al. 2011) 

N1 NEXRAD Level III (N1P) 
 

𝑅 = 0.017𝑍0.714 
(Fulton et al. 1998) 

N2 NEXRAD Level III (DPA) 𝑅 = 0.017𝑍0.714 (Fulton et al. 1998) 

 

An averaging window of 11 × 11 in range and azimuth of radar-derived 

accumulations centered over the nearest gauge location was used to compare with rain 

gauge amounts. Pixel averaging permits restraining the effect of wind drift that can be 

very significant (Lack and Fox 2007). Since range bins are 0.25 km and azimuth are 0.5-

degree resolutions, 11 pixels in range = 11 × 0.25 km = 2.75 km and 11 pixels in azimuth 

= 11 × 0.5 = 5.5 degrees, at an average gauge distance of 40 km, this works out to about 
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3.8 km. Radar estimated rain rates are assumed to be constant over the scanning time 

interval of 10 min. The 10-min radar rainfall measurements are accumulated to obtain the 

total hourly rainfall time series.   

3.4.3.  Evaluation of radar QPEs 

Twenty rainfall events, totaling 297 h of rainfall that occurred in spring, summer, 

and fall periods from 2011 to 2017 (Table 3-2), were identified from hourly rain gauge 

data and used as a ground reference. Winter precipitation was excluded from this study 

because the algorithms are only valid for liquid precipitation and do not account for 

possible bright band contamination (Boodoo et al. 2015; Wijayarathne et al. 2020). 

Several criteria such as intensity, speed, storm size, availability of both gauge and radar 

precipitation, missing values, satisfactory accumulation of rainfall, suitable duration, 

coverage of the watershed, and adequate discharge at the outlet of the watershed were 

considered for event selection. The duration of an event was determined as the time 

wherein at least half of the gauges recorded a precipitation amount > 0 mm to the time 

where half of the gauges start re-recording zero (Krajewski et al. 2010b; Wijayarathne et 

al. 2020). Hourly accumulations from gauges and nine radar QPEs listed in Table 3-1 for 

each event were calculated. The summary statistics were computed between each gauge-

pixel pair, and missing values were ignored during the comparison. The correlation 

coefficient (Eq. 3-1), bias (Eq. 3-2), radar detection (Young and Brunsell 2008) (Eq. 3-3), 

and RMSE (Eq. 3-4) were calculated between radar QPEs and gauge for each event 

separately. These metrics were averaged over all events for each gauge station to show 

the spatial distribution and in a similar pattern to represent the variation by the event.   
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Correlation (r)  

𝑟 =
∑(𝑃𝐺 − �̅�𝐺)(𝑃𝑅 − �̅�𝑅)

√∑  (𝑃𝐺 − �̅�𝐺)2 ∑(𝑃𝑅 − �̅�𝑅)2
 (3-1) 

BIAS (b)  

𝑏 =
∑ 𝑃𝑅 − ∑ 𝑃𝐺

∑ 𝑃𝐺

 × 100 (3-2) 

Detection (d)  

𝑑 =
𝑛𝑃𝑅

> 0, 𝑃𝐺 > 𝑡ℎ𝑟𝑒𝑠ℎ

𝑛𝑃𝐺
> 𝑡ℎ𝑟𝑒𝑠ℎ

× 100 (3-3) 

RMSE (rmse)  

𝑟𝑚𝑠𝑒 =  √
∑ (𝑃𝐺 − 𝑃𝑅)2𝑛

𝑖=1

𝑛
 (3-4) 

Where,  

𝑃𝐺  is hourly precipitation observed by gauge, �̅�𝐺  is average hourly rain gauge 

measurement, 𝑃𝑅 is hourly radar estimated precipitation, �̅�𝑅 is average hourly radar 

estimated rainfall, 𝑛𝑃𝑅
> 0, 𝑃𝐺 > 𝑡ℎ𝑟𝑒𝑠ℎ, number of radar-gauge pairs that the radar 

reports precipitation and the corresponding rain gauge observation exceeds a specified 

threshold (0 mm); and 𝑛𝑃𝐺
> 𝑡ℎ𝑟𝑒𝑠ℎ, number of radar-gauge pairs where the rain gauge 

observation exceeds a specified threshold (> 0 mm). 
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Table 3-2 Description of events. 

Event No Start date UTC End date UTC Season 
Rainfall (mm) 

Duration (Hours) 
Avg Max Min 

1 11/29/2011 4:00 11/29/2011 22:00 Fall 36.2 53.4 4.6 19 

2 6/1/2012 8:00 6/1/2012 23:00 Summer 27.7 39 7.6 16 

3 5/28/2013 20:00 5/29/2013 8:00 Spring 33.95 60 3 14 

4 7/8/2013 18:00 7/9/2013 2:00 Summer 44.92 93.8 0 9 

5 7/31/2013 19:00 8/1/2013 10:00 Summer 34.76 50 1 16 

6 7/28/2014 0:00 7/28/2014 12:00 Summer 28.74 85 0 13 

7 9/6/2014 0:00 9/6/2014 10:00 Fall 26.6 52.6 0 11 

8 4/20/2015 3:00 4/20/2015 19:00 Spring 20.45 32 0 17 

9 5/30/2015 15:00 5/31/2015 23:00 Spring 42.34 66 10 33 

10 6/8/2015 0:00 6/8/2015 13:00 Summer 28.33 44.2 0 14 

11 6/27/2015 17:00 6/28/2015 21:00 Summer 39.07 57 16 29 

12 10/28/2015 7:00 10/28/2015 23:00 Fall 30.12 49.8 0 17 

13 11/10/2015 19:00 11/11/2015 11:00 Fall 13.2 20.4 0 17 

14 8/13/2016 16:00 8/14/2016 1:00 Summer 24.44 45.2 0 10 

15 8/16/2016 8:00 8/16/2016 19:00 Summer 16.32 34.4 1 12 

16 6/23/2017 5:00 6/23/2017 14:00 Summer 37.33 65.2 1 10 

17 7/20/2017 15:00 7/20/2017 17:00 Summer 19.86 41.6 0 3 

18 7/27/2017 0:00 7/27/2017 15:00 Summer 9.91 15.2 2 16 

19 8/22/2017 12:00 8/22/2017 23:00 Summer 11.8 24.2 0 14 

20 11/18/2017 22:00 11/19/2017 8:00 Fall 11.62 20 0 11 
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In this study, it is essential to notice that there is always a spatial mismatch in the 

precipitation estimates between radar and gauges because different volumes are sampled 

by rain gages and weather radar (Grayman and Eagleson 1971). Rain gauges record time-

integrated precipitation over an eight-inch diameter surface area, whereas radar instantly 

samples a significant volume above approximately 4 × 4 km surface (Young and Brunsell 

2008). This spatial mismatch can contribute to differences in precipitation values.  Also, 

gauges that are used as the ground truth can be unreliable due to random and systematic 

errors (Mekonnen et al. 2015). Random errors can be resulted by irregularities of 

topography and vegetation around the gauge site, poor gauge site conditions, human 

errors, inadequate network density, and by the disclosure to prevailing winds. Systematic 

errors in precipitation due to wind-induced under-catch, wetting, and evaporation losses 

also affect the gauges (Sevruk 1982). There is also a known low bias for tipping bucket 

gauges in high precipitation events where the bucket tipping cannot keep up. 

3.5.  Results and discussion 

Average precipitation detections with WKR C-band and KBUF NEXRAD S-band 

radar QPEs for each event are presented in Figure 3-3-a. Overall, the detection is 

relatively higher for all WKR C-band radar QPEs than KBUF NEXRAD QPEs and varies 

from event to event. This is not surprising as the study area is much closer to the C-band 

radar than the S-band, although it suffers from attenuation of return echoes (Borga et al. 

2002). The range of detections reported for WKR C-band radar QPEs ranges from 53.5 – 

96.6 %, and KBUF S-band radar QPE ranges from 3.0 – 92.3%. The KBUF NEXRAD 
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measures the precipitation relatively far (~ 106 km) from the watershed, while WKR 

radar measures the precipitation just below the storm at a distance of 37 km at the furthest 

edge of the watershed. NEXRAD Level III (DPA) (hereafter N2) is competitive with all 

C-band radar QPEs, but detection for NEXRAD Level III (N1P) (hereafter N1) is not as 

good as N2. As pointed out by Young and Brunsell (2008), low detection of NEXRAD 

can be partially responsible for problems in both bias and correlation when compared to 

the gauge accumulations. It is also challenging to address the lack of detection during the 

calibration of hydrologic models (Zhang et al. 2012; Young and Brunsell 2008). Since 

detection is high in WKR C-band radar QPEs, it is possible to formulate a continuous 

time series with a smaller number of missing data, which is often required for 

hydrological model calibration. Additionally, dual-polarization data from WKR are 

available starting in 2004; therefore, it is possible to generate a continuous time series 

with sub-hourly resolutions for hydrological models. The box plots in Figure 3-3-b show 

an average detection for C-band radar QPEs is ~ 80%. The interquartile range (IQR) is 

relatively low for all C-band radar QPEs, and therefore, they can detect all events 

successfully compared to the NEXRAD QPEs.  

The average correlation between radar-estimated precipitation amounts and gauge 

observations is reported in Figure 3-3-c. The average correlation for QPEs from 

NEXRAD (0.38 – 0.98) is superior to all C-band QPEs (0.20 – 0.97). The average 

correlation for the N2 (0.71) is better than N1 (0.63). The path attenuation is a significant 

influence on radar-estimated QPEs in heavy rain events (Boodoo et al. 2015), as C-band 

radar beams attenuate more rapidly than KBUF NEXRAD S-band radar because of its 
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shorter wavelength (~ 10 cm for NEXRAD and ~ 5 cm for WKR). The multi-parameter 

rain rate estimator using KDP and ZDR (hereafter C7) and combined Z and KDP algorithm 

using a threshold on KDP (hereafter C4) are competitive with NEXRAD radar QPEs with 

reported average correlations of 0.60 and 0.56, respectively. The C4 and combined Z and 

KDP algorithm using a threshold on Z (hereafter C5) show better correlation compared to 

other C-band radar QPEs using only Z: standard Marshall Palmer with uncorrected Z 

(hereafter C1), standard Marshall Palmer with attenuation corrected Z (hereafter C2), and 

attenuation corrected Z using rain-rate estimator for NEXRAD (hereafter C3). Previously 

conducted research suggests that KDP is advantageous over Z for quantitative precipitation 

estimates (Vivekanandan et al. 1999; Brandes et al. 2001). The KDP is not a power 

measurement; therefore, radar QPEs derived from KDP are less affected by anomalous 

propagation, attenuation, beam blockage, and radar miscalibration (Ryzhkov et al. 2014). 

Also, these QPEs are known to be less sensitive to variations in drop size distributions 

and the existence of hail (Sachidananda and Zrnić 1987; Aydin et al. 1995). Even though 

KDP is resilient to the radar errors as mentioned above, the vulnerability of Z to these 

errors may be limiting the quality of rainfall estimates using combined algorithms. 

Combining radar QPEs using thresholds on KDP shows better performances than 

combined radar QPEs using thresholds on Z. All other C-band radar estimated QPEs (C1, 

C2, and C3) show relatively low average correlation (0.41, 0.43, and 0.46, respectively). 

After attenuation correction, the correlation between the gauge and radar QPEs has been 

improved but does not show considerable improvement. The attenuation correction may 

be overshadowed by the extensive radome attenuation at WKR, resulting in poor rainfall 
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estimates (Germann 1999; Boodoo et al. 2015). C3 shows better performances with the 

reported correlation of 0.46 than using Marshall Palmer on Z (C1, 0.41 and C2, 0.43). 

IQRs for those QPEs (Figure 3-3-d) are relatively higher, implying that the correlation 

varies from event to event considerably. The correlation values are better for events in 

summer than fall and spring, especially for N2, N1, C7, and C4. For example, summer 

events 14 to 19 show r > 0.83 while the fall and spring events 1, 3, and 7 show r < 0.5 for 

N2. Even though the correlation is relatively low, the values are relatively persistent 

(mean value ranges between 0.40 and 0.60) for all the events for other C-band radar 

QPEs. N2, N1, C7, and C4 radar QPEs are more reliable for summer events than events in 

fall and spring. The bright band effect during early spring and late fall has affected the 

quality of radar QPEs for both KBUF NEXRAD S-band radar and WKR C-band radar 

(Austin and Bemis 1950, Fabry and Zawadzki 1995). For the rest of the C-band radar 

QPEs (C1, C2, C3, C5, and C6), the correlation is less, but they capture all events 

regardless of the period or intensity of the event. The reported correlation values are 

approximately similar for all radar QPEs for the less intense (< 5 mm/h) events (e.g., 

events 9 and 11). In contrast, correlation considerably varies between different radar 

QPEs for high-intensity (≥ 5mm/h) events (e.g., events 4 and 17). For high-intensity 

events, N2, N1, C7, and C4 perform better than other WKR C-band radar QPEs (C1, C2, 

C3, C5, and C6). Since these correlations are not optimum for both WKR C-band and 

KBUF NEXRAD QPEs for hydrological models, bias correction is necessary before 

using radar QPEs as a precipitation input.  
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Figure 3-3-e shows the average RMSE between radar-gauge hourly 

accumulation pairs for all the events. Errors follow the same trend as the reported 

correlation. The least RMSE errors are reported for N2 (2.8 mm) followed by C7 (3.2 

mm), and errors vary considerably from event to event. Error is high for high-intensity 

events (e.g., events 4 and 17) and relatively small in low-intensity events (e.g., events 9 

and 11). For example, average RMSE for event 4 (10.4 mm/h) and 17 (13.9 mm/h) are 

8.6 mm and 10.5 mm, respectively whereas for event 9 (2.0 mm/h) and 11 (2.0 mm/h) are 

2.7 mm and 2.3 mm, individually. In Figure 3-3-f, the least mean and IQR were reported 

for N2, which implies that errors incorporated are low, constant, and independent from 

the event for N2. According to Seo et al. (2015), radar calibration errors, technical 

limitations such as non-uniform beam filling, wind effect, growth of precipitation, 

anomalous propagation, variations in the Z-R relationship, presence of hail, or other 

hydrometeors can affect the accuracy of radar QPEs. Even though attenuation and ground 

clutter is taken care of during signal processing, the limitations mentioned above restrict 

the efficiency of radar QPEs.  

The event-to-event variations in r and RMSE could be attributed to the differences 

in storm type and magnitude (Stellman et al. 2001; McKee and Binns 2016). The 

accuracy and reliability of radar QPEs vary along with the season (Prat and Nelson 2014). 

According to the results, the added value to QPEs from the radar is considerable during 

the summer when convective rainfall events prevail. Convective rainfall is produced 

through local scale lifting of air parcels and is characterized by moderate to heavy 

rainfalls of short duration (high intensity). Convective cells are often mischaracterized by 
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rain gauges, but captured by weather radar (McKee and Binns 2016). On the contrary, 

stratiform rainfall is produced through larger-scale, regional lifting of air parcels (e.g., a 

low-pressure system), resulting in light to moderate rainfall over a large area for a 

relatively long duration. Rain gauges can characterize the stratiform precipitation 

relatively well compared to weather radar (McKee and Binns 2016).  

Figure 3-3-g and 3-3-h show the distribution of bias values and boxplots over the 

events. All radar QPEs underestimate the reported gauge precipitation for all events 

except for events 1, 12, 13, and 20. This underestimation is reported because radar QPEs 

are subject to both random and systematic errors. For instance, an order of 4 to 5% of 

radar underestimation was stated due to wind under catch by Duchon and Essenberg 

(2001). The radar underestimation is relatively less for N2, C7, and C4. All radar QPEs 

over predicts events 1, 12, 13, and 20, which were taken place in late fall / early winter 

and could be possibly bright band contaminated. NEXRAD over predictions in spring and 

fall may also be due to the bright band effect. The discrepancy in sampling heights 

between KBUF NEXRAD S-band and WKR C-band measurements could be a 

complicating factor that affects the bias as NEXRAD and WKR radar do not measure the 

same volume in the space and time. Besides possible errors during radar measurements, 

the variations in the individual event biases can be attributed to storm type and magnitude 

(McKee and Binns 2016). The weather radar underestimates precipitation during 

convective summer events and overestimates stratiform events in late fall / early winter 

(Kalinga and Gan 2006; McKee and Binns 2016).  
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Figure 3-3 Average detection (a & b), correlation (c & d), RMSE (e & f), and bias (g & 

h) between hourly accumulation of radar QPEs and gauge measurements for each event  

 

Figure 3-4-a shows the radar QPE detection for each station across the basin. For 

all radar QPEs, the detection is reasonably constant across the basin. As shown in the box 
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plots in Figure 3-4-b, WKR C-band radar detects all events effectively with low IQR. The 

detection ranges from 65 to 85 % for all WKR C-band radar QPEs at each TRCA rain 

gauge station. The C7 shows the best average detection of 81.55 % among all the radar 

QPEs along with the least reported IQR in figure 3-4-b. NEXRAD S-band radar detection 

is relatively small compared to WKR C-band radar. N2 detection (56.24 – 68.15 %) is 

better than N1 (20.31 – 27.37 %). As mentioned before, the detection is affected by the 

distance to the radar station from the gauge stations. N2 is competitive with WKR C-band 

radar, whereas N1 shows relatively low detection.  

Figure 3-4-c shows the correlation between the hourly accumulations of radar-

gauge pairs for each station across the basin. The average correlation for radar QPEs from 

KBUF NEXRAD (0.34 – 0.60) is greater to all C-band radar QPEs (0.20 – 0.52). The 

reported average correlation for N2 of 0.54 is superior to N1 (0.44). The WKR C-band, 

C7, and C4 are also competitive with NEXRAD radar QPEs with relatively good reported 

correlations of 0.42 and 0.40, respectively. Contrasting to events, there is no dramatic 

variability in correlation for each station across the two watersheds. As shown in Figure 

3-4-d, the correlation does not significantly vary from station to station. Reported IQRs 

for those QPEs are relatively lower, implying that at all stations, all radar QPEs perform 

equally well.  

As shown in Figure 3-4-e, the average RMSE between the hourly accumulations 

of radar-gauge pairs at each gauge stations across the two watersheds approximately 

ranges from 2.5 – 4.6 mm and 2.8 – 4.4 mm for WKR C-band and KBUF NEXRAD S-

band, respectively. Error-values are reasonably constant across the basin, and the RMSE 
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follows the same trend as the correlation. The least average error of 2.5 mm is reported 

for radar QPE using C7, followed by N2 (2.6 mm). Since spatial distribution of 

correlation and errors is constant across the two watersheds, so they can be used as 

gridded precipitation input for hydrologic models, especially for semi- and fully 

distributed hydrologic models. On the other hand, relatively high IQR values of reported 

RMSEs for all radar QPEs (Figure 3-4-f) indicate that errors associated with different 

events at the same station are considerably different.    

Figure 3-4-g and 3-4-h show the distribution of bias values and boxplots over the 

stations for each radar’s QPEs.  As shown in Figure 3-4-g, all radar QPEs are less than 

the gauge precipitation except for N2. The bias is fluctuating around the zero line for N2. 

The underestimation is relatively less for N1(-15.17 to -63.10), C7 (-37.76 to -1.41), and 

C4 (-4.02 to -39.47). The reported bias is relatively high for the rest of the C-band (C1, 

C2, C3, C5, and C6) radar QPEs. Therefore, a correction is necessary before using them 

as precipitation input for hydrological models. Even though bias values are high, they are 

consistent with relatively low IQR (Figure 3-4-h), especially for C1, C2, and C3. The 

constant bias can be addressed and adjusted during the calibration of hydrological models 

by incorporating a bias constraint into the objective function (Chiew et al. 2009; Madsen 

et al. 2002; Viney et al. 2009).   

Overall, there is no dramatic variability amongst matrices across the two 

watersheds. The reasonably similar matrices across the two watersheds can be attributed 

to the similar characteristics shared by the two watersheds. A relatively high-density 

gauge network (one gauge per ~75 km2 in Humber River and one gauge per ~116 km2 in 
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the Don River) with a uniform distribution of gauges across the two basins helps to 

capture the spatial distribution of rainfall adequately. Also, all gauges are located within 

~40 km radius range of WKR Canadian C-band radar station and ~ 106 km KBUF 

NEXRAD S-band radar station. Therefore, the effect of distance (range) from the radar 

towers to the gauges nearly the same for both watersheds. Hence, the effect of range to 

radar QPEs is minimal and nearly the same throughout both the two watersheds. As can 

be seen in Figure 3-1, the elevation in most of the area is relatively similar and, thus, no 

high barriers that hinder the radar signals affecting radar reflectivities and, subsequently, 

the radar QPEs. The C-band radar station is located in an elevated area and therefore 

provides better coverage for both watersheds. As the region seen by the both WKR C-

band and NEXRAD S-band radar shares similar characteristics, the observed constant 

errors and correlations between gauges and radar QPEs is reasonable. 
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Figure 3-4 Average detection (a & b), correlation (c & d), RMSE (e & f), and bias (g & 

h) between hourly accumulation of radar QPEs and gauge measurements for each TRCA 

gauge station   
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To further assess the radar QPE performances, scatter plots between the hourly 

accumulations of radar (R) -gauge (G) pairs for all events (i.e., for the 297 h) for each 

radar QPE are shown in Figure 3-5. The solid line in the figure represents the one-to-one 

line. The dotted lines in the figure represent the least absolute deviation fits for the form 

of 𝑅 = 𝑎𝐺 + 𝑏 for the hourly radar-gauge pairs for all events. The R (Z), R (Z, KDP), R 

(Z, ZDR), and R (KDP, ZDR) radar QPEs with and without attenuation correction of WKR 

C-band radar and KBUF NEXRAD S-band radar are shown in figure 3-5.  For all radar 

QPEs, the best fit line is well below one, except for the C7 and N2. The average 

correlation coefficient reported for the C7 and N2 is 0.60 and 0.71, respectively. Average 

RMSE reported as 3.2 mm and 2.8 mm for C7 and N2, respectively. Data are also more 

clustered along the one-to-one line, and C7 and N2 radar QPEs generally perform well 

compared to the gauge observation. Those two radar QPEs perform reasonably well for 

most of the accumulations except for underestimation at lower accumulation amounts. 

Both C7 and N2 perform reasonably well for higher accumulation amounts. All other 

QPEs show some inconsistencies at the medium and higher accumulations. The 

scatterplots also show that the results are more dispersed from the one-to-one line with 

the increasing accumulations for all the radar QPEs.  In general, the C7 and the N2 show 

better agreement with the gauges for all accumulation amounts.   
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Figure 3-5 Scatterplots of hourly accumulations of radar estimated QPEs against the 

gauge for the radar QPE estimators listed in table 3-1 

 

Hourly accumulation of precipitation values is summed for each radar QPE and 

each event to produce radar totals (𝑅𝑇) to compare with gauge totals (𝐺𝑇). A scatterplot 

of the gauge totals against radar totals is shown in Figure 3-6. The solid line in the figure 

represents the least absolute deviation fits for the form of 𝑅𝑇 = 𝑎𝐺𝑇 + 𝑏 for the 20 event 

totals. The dashed line is the one-to-one line. In contrast to the high degree of scattering 

between radar QPEs and gauge reported precipitation for hourly data (Figure 3-5), the 

event totals graphed in Figure 3-6 show a definite linear relationship, but less scatter in 

the longer-term radar estimates. The spread between all radar QPEs and gauge 
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observations decreases with more extended temporal accumulation. For example, the 

correlation coefficient increases from hourly to event total of 0.63 to 0.76 for N2. 

Reduction in the spatial variability of the rainfall field due to time averaging minimizes 

the inconsistencies in radar and gauge sampling areas. 

 
Figure 3-6 Scatterplots of radar estimated totals against the gauge totals for 20 events. 

 

The radar-gauge ratios are calculated for the hourly rainfall accumulations 

estimated by each rain-rate algorithms for the 297 h of analysis (i.e., all events) and 

plotted (Figure 3-7) as a function of the gauge hourly accumulations to illustrate the 

relative strengths of each algorithm at high and low rain rates. The ratio of one indicates 

unbiased radar estimates. For hourly accumulations, the ratios are much less or higher 

than one for all radar QPEs for lower precipitation amounts ranging from 1 to 5 mm. 
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However, the ratio has become progressively better with higher precipitation amounts, 

especially for C7 and N2. Both C7 and N2 have ratios much closer to one for high hourly 

gauge accumulation amounts from 10 to 15 mm.   

 
Figure 3-7 Ratios of radar-gauge hourly accumulations as a function of the hourly gauge 

accumulations for the radar QPE estimators listed in table 3-1 

 

For further analysis, Taylor diagrams are drawn to select the best performing radar 

QPE based on three statistical parameters; standard deviation, correlation coefficient, and 

centered root mean square error for both hourly accumulations for 297 h (Figure 3-8-a) 

and total event accumulations (Figure 3-8-b). Comparable to the results discussed above, 
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the N2, C7, and C4 QPEs perform comparatively well as they are plotted closest to the 

black arc as well as the point observation (‘OBS’ in the figure).  

 

Figure 3-8 Taylor diagrams showing a statistical assessment of radar estimated QPEs 

listed in table 3-1 for hourly accumulations for 297 h (a) and total event accumulations 

(b). (Note: Diagram summarizes three statistical performances (standard deviation, 

correlation coefficient, and centered root mean square error) for each radar QPE. 

Different colors denote different radar QPEs. The best radar QPE plots itself closer to 

the black arc as well as the point ‘OBS’, which represents agreement with gauge 

observations) 

 

3.6.  Conclusions 

In this study, radar-derived QPEs from rain-rate relationships using Z, ZDR, and 

KDP from WKR C-band radar at King City, ON, Canada, and the QPEs from NEXRAD 

S-band radar at Buffalo, New York, USA, are evaluated against rain gauge data for two 

watersheds in the GTA of Ontario, Canada: Humber River (semi-urban) and Don River 

(urban) watersheds. The objective is to assess the reliability and accuracy of WKR and 
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NEXRAD radar QPEs as precipitation input of hydrological models for 

hydrometeorological applications. 

Relatively high percent detection, high correlation, low RMSE, and small percent 

bias suggest that the KBUF NEXRAD radar QPEs can be effectively used as 

supplementary precipitation forcing for hydrological models in Canadian watersheds that 

are covered by the US radar. The WKR radar QPEs utilizing a multi-parameter rain rate 

estimator using KDP and ZDR performs equally as KBUF NEXRAD radar QPEs. Due to 

the high temporal resolution, a long-term data archive, and good percent detection of 

WKR radar QPEs, it is possible to generate a continuous time series with less number of 

missing data that is often required as meteorological input for hydrological models. 

Therefore, WKR radar QPEs with dual-polarization algorithms can also effectively be 

used as precipitation input of the hydrological model for hydrometeorological 

applications. Because of the closeness of the watershed to the WKR radar station, it may 

be preferable. Spatial variations in all verification matrices are reasonably constant across 

the basins and, hence, can be used as a gridded precipitation input of distributed 

hydrological models.  

Among nine radar QPEs used in this evaluation, NEXRAD Level III (DPA), 

WKR multi-parameter rain rate estimator using KDP and ZDR, and combined Z and KDP 

algorithm are chosen for further studies. Since verification matrices are not optimum for 

both WKR radar and KBUF NEXRAD radar QPEs, bias correction is necessary before 

using selected radar QPEs as a precipitation input to hydrological models. In the future, 

this evaluation will be followed by proxy validation with the event-based hydrological 
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model run using semi-distributed and distributed hydrological models to further verify the 

accuracy and reliability of the radar QPE as precipitation input of hydrological models for 

hydrometeorological applications. 
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Chapter 4. Evaluation of Radar-Gauge Merging Techniques to be Used 

in Operational Flood Forecasting in Urban Watersheds 

Summary of Paper 3: Wijayarathne, D., Coulibaly, P., Boodoo, S., and Sills, D. (2020). 

Evaluation of Radar-Gauge Merging Techniques to be Used in Operational Flood 

Forecasting in Urban Watersheds. Water, 12(5), 1494. https://doi.org/10.3390/w12051494. 

This research evaluated nine existing radar-gauge merging techniques using two 

dual-polarized WKR C-band Radar and two KBUF NEXRAD S-band operational Radar 

hourly QPEs to assess which method best suits the Humber River (semi-urban) and Don 

River (urban) watersheds in Canada. The impact of the quality of radar QPEs on the 

performance of radar-gauge merging was also examined. Moreover, the relative strength 

of radar-gauge merging techniques at different rain intensities and different rainfall events 

were evaluated.  

Key findings of this research include: 

• All radar-gauge merging methods outperformed radar only QPEs. 

• The CDF Matching (CDFM) performed best, followed by Kriging with radar-

based error correction (KRE).  

• Both WKR and NEXRAD Radar QPEs improved significantly, while NEXRAD 

Level III (DPA) provided the best results.  

•  All methods performed well for low intense precipitation but deteriorated with the 

increasing rainfall intensities. 
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• Overall, all methods outperformed the Radar only QPEs for all events and 

performed better during the summer.  

4.1.  Abstract 

Demand for radar Quantitative Precipitation Estimates (QPEs) as precipitation 

forcing to hydrological models in operational flood forecasting has increased in the recent 

past. It is practically impossible to get error-free QPEs due to the intrinsic limitations of 

weather radar as a precipitation measurement tool. Adjusting radar QPEs with gauge 

observations by combining their advantages while minimizing their weaknesses increases 

the accuracy and reliability of radar QPEs. This study deploys several techniques to 

merge two dual-polarized King City radar (WKR) C-band and two KBUF Next-

Generation Radar (NEXRAD) S-band operational radar QPEs with rain gauge data for the 

Humber River (semi-urban) and Don River (urban) watersheds in Ontario, Canada. The 

relative performances are assessed against an independent gauge network by comparing 

hourly rainfall events. The Cumulative Distribution Function Matching (CDFM) method 

performed best, followed by Kriging with Radar-based Error correction (KRE). Although 

both WKR and NEXRAD radar QPEs improved significantly, NEXRAD Level III Digital 

Precipitation Array (DPA) provided the best results. All methods performed better for 

low- to medium-intensity precipitation but deteriorated with the increasing rainfall 

intensities. All methods outperformed radar only QPEs for all events, but the agreement is 

best in the summer. 
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Keywords: radar-gauge merging; QPE; WKR C-band radar; NEXRAD radar; hydrology; 

floods 

4.2.  Introduction 

Flooding has been identified as the world’s deadliest natural disaster after 

earthquakes and tsunamis due to the associated damage to life, property, economy, and 

infrastructure [1,2]. Therefore, flood mitigation procedures are essential for regions 

susceptible to flooding. A well-developed flood forecasting system that can deliver 

accurate and reliable forecasts with proper lead time is a vital part of nonstructural flood 

management. At present, flood forecasting and warning utilizing hydrological models to 

forecast river flow have a widespread application in disaster management [3,4]. In urban 

watersheds, the frequency and magnitude of flooding are mostly influenced by 

precipitation [5,6]. Therefore, the accuracy and reliability of hydrological model 

predictions depend heavily on the accuracy of the forcing data, especially the Quantitative 

Precipitation Estimates (QPEs) [7,8]. Additionally, accurate QPEs produce model 

parameter sets that represent watershed characteristics after hydrological model 

calibration. Therefore, accurate and reliable QPEs are necessary to provide runoff and 

streamflow estimates with high confidence [9]. 

Today, the precipitation input for hydrological models comes from surface rainfall 

gauges, weather radar, weather models, and satellite images [10,11]. Currently, the 

calibration of these hydrological models relies mostly on in-situ rain gauge data [5,10]. 

Rain gauges are trustworthy instruments for rainfall point measurements, but the rainfall 

variations in both space and time are not well captured [12]. Since radar produces 
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spatially and temporally continuous data over a large area in real-time, there is 

considerable interest in precipitation information derived from weather radar for a 

hydrological model run in operational flood forecasting [5,10]. 

The concept of forcing hydrological models with radar QPEs first appeared at the 

urban storm drainage conference in Sweden, 1984 [13]. Since then, radar QPEs have been 

used as precipitation forcing for hydrological models for flood forecasting applications 

worldwide, mainly due to the advances in radar infrastructure, computer power, and 

hydrological models. [14–17]. At present, different countries produce commercial 

weather radar products that are extensively used in operational hydrology: e.g., Next 

Generation Weather Radar (NEXRAD) in the USA and Radar-Online-Aneichung 

(RADOLAN) in Germany [18–20]. Those products provide a fixed cartesian grid with 

rainfall accumulation data summarized over a set time. The spatiotemporal resolution of 

radar QPEs has been improved recently, and therefore, the application of radar QPEs in 

operation hydrology has been increased. For example, the United States and European 

countries have used S-band radars and C-band radars with spatial resolutions of about 

1000 m and 5 min temporal resolutions, mostly in operational hydrology [5]. 

Additionally, the X-band radar with spatial and temporal resolutions of 250 m and 1 min 

has been used in Japan for operational purposes [21]. 

Even if the radar QPEs have been used for nearly 30 years to run hydrological 

models, well-known artifacts associated with radar limits its operational use [22,23]. 

Since weather radar measures the precipitation indirectly, radar QPEs are known to be 

exposed to errors due to attenuation [24], radar miscalibration [25,26], ground clutter 
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[27], anomalous propagation [28], beam blockage [29], range degradation [30], presence 

of the bright band [31], variations in the drop size distribution [32], and more [16,33–36]. 

Numerous studies have attempted to demonstrate and quantify the potential magnitude of 

radar uncertainty and the resulting consequences of using radar QPE for operational 

hydrological modeling [34,37–41]. The studies mentioned above have identified radar 

QPE uncertainties related to range, Vertical Profile of Reflectivity (VPR) effects, 

inappropriate Z–R relationships, anomalous propagation, clutter, and visibility effects as 

significant sources of error in the radar-estimated rainfall that can have a profound effect 

on hydrological modeling confidence. Therefore, radar data must undergo careful 

selection and corrections where possible before using them as a precipitation source for 

hydrological model calibration. In contrast to these studies, Vehvilainen et al. [42] have 

investigated the effect of using raw radar estimated QPEs for hydrological modeling and 

concluded that in small catchments (<500 km2), where the time of concentration is on the 

order of hours, hydrological models can benefit from raw radar-derived rainfall estimates. 

Previous studies have discussed several methods to reduce these errors since the start of 

the use of radar as precipitation estimates in hydrological applications [13,39]. The recent 

improvements built upon dual-polarization radar measurements have improved the 

accuracy and reliability of weather radar data in hydrological applications [24,43–46]. 

The dual-polarized radar emits and receives radar pulses in both horizontal and vertical 

polarization, permitting additional products such as differential reflectivity (ZDR) and 

specific differential phase (KDP) [47] that produce better precipitation estimates, 

particularly for extreme rainfall events [48]. Additionally, dual-polarized radar improves 
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the quality of radar estimated precipitation rates and total amounts by mitigating 

attenuation and anomalous propagation, leading to more accurate radar QPEs 

[33,45,49,50]. Since dual-polarized radar produces more accurate radar QPEs, it is 

beneficial to use dual-polarized radar QPEs over single polarized radar [33,48]. 

Additionally, increasing the density of the radar network reduces the uncertainties in 

radar QPEs by reducing the distance to the radar stations [51]. However, both methods 

mentioned above require significant investment. 

Besides the methods mentioned above, a significant improvement has been made 

by adjusting radar QPEs with gauge observations (hereafter radar-gauge merging). The 

radar-gauge merging produces accurate, reliable, real-time QPEs that capture variations 

both in space and time. Radar-gauge merging to adjust radar QPEs to match with gauge 

observations is broadly discussed in the literature [52–54]. Previous research has shown 

that the radar-gauge merging is useful to improve radar QPEs that can be used as an 

additional source for hydrological applications [23,52,54,55]. Even though radar-gauge 

merging has been used in improving radar QPEs since the start of the operational use of 

weather radars in the 1970s, Ochoa-Rodriguez et al. [54] emphasize the lack of 

understanding of the full potential of application at the spatial-temporal resolutions 

required for urban hydrology. High-quality precipitation estimates with high temporal 

resolution are needed for urban hydrological applications due to small-sized urban 

catchments and a high degree of imperviousness in response to fast rainfall [36,54]. 

Hence, urban watersheds are very sensitive to the spatial and temporal variability of 
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rainfall, and further research is essential before using radar QPEs in operational urban 

hydrology with confidence. 

Even though studies on radar-gauge merging are common, to date, they have not 

adequately addressed applicability at the resolution and scale required for urban 

hydrological applications. Most of the studies have focused on large-scale area 

applications, frequently country-wide, using a time-step above 24 h, or at temporal scales 

for event-based accumulation [22,51,52,56–65]. Urban hydrological studies need reliable 

QPEs at high spatial (a few km) and temporal (hourly or sub-hourly) resolutions [53,66]. 

A few studies have investigated radar-gauge merging techniques focusing on the urban 

scale but were limited to a single technique under limited climatological and 

infrastructure conditions [23,67–69]. To date, only two inter-comparison studies have 

been conducted focusing on urban scales [68,70]. The first study evaluated radar-gauge 

merging techniques based on a rain gauge network of three gauges [69]. The latter 

research provides an introductory understanding of the relative performances of merging 

methods [70]. Therefore, further research on smaller-scale urban catchments is essential 

[53,54]. The most recent categorization of the existing radar-gauge merging methods was 

introduced by Ochoa-Rodriguez et al. [54] based on the potential for urban hydrological 

application; 1. radar bias adjustment methods, 2. rain gauge interpolation methods using 

spatial radar association as additional information, and 3. radar-rain gauge integration 

methods. Only two preliminary studies have investigated the three categories of merging 

methods defined by Ochoa-Rodriguez et al. [54,68,71]. Therefore, it is beneficial to 

consider methods that preserve small-scale features in the merged estimates in fine scale, 
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the limited availability of rain gauges, and computational requirements for operational use 

when applying radar-gauge merging methods. Furthermore, radar-gauge merging 

applications using modern dual-polarization radars must be evaluated. Most of the 

previous studies have evaluated merging techniques using single polarized radar [51,53]. 

As mentioned before, the dual-polarized radars have the potential to produce more 

accurate and reliable radar QPE compared to single polarized radar [33,50]. As 

emphasized by Ochoa-Rodriguez et al. [68], the quality of initial radar products affects 

the relative performance of merging methods and, ultimately, the quality of merged radar 

precipitation estimates. Therefore, it is vital to investigate how these new dual-polarized 

products may impact the performance of different radar-gauge merging techniques. 

In this study, different existing radar-gauge merging techniques for operational 

use in urban watersheds have been implemented to obtain the best estimation of 

precipitation in two watersheds in the Greater Toronto Area (GTA), Canada: semi-urban 

Humber River, and urban Don River watersheds. The operational application of radar-

gauge merging in flood forecasting is not yet implemented widely in Canada [51]. This is 

important because a recent study conducted in the GTA reported about 94.0 mm of 

rainfall estimates with R(KDP) algorithm using dual-polarized King City radar (WKR) 

through a heavy rainfall event over a 2-h period on 8 July 2013, whereas the rain gauge 

recorded 126 mm over the same period [72]. In the same study, an accumulation of 109.2 

mm of rain is reported for the same storm event with the R(Z) algorithm using KBUF 

NEXRAD S-band algorithms [72]. The authors suggested the differences are caused by 

ground clutter contamination, path attenuation, and radome wetting. To use radar QPEs as 
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additional precipitation forcing for hydrological models in the GTA area, the reported 

differences must be minimized. In this study, the performance of two dual-polarized 

WKR C-band radar hourly QPEs and two KBUF NEXRAD S-band radar hourly QPEs 

have been improved using radar-gauge merging techniques to minimize the difference 

with gauge measurements. Moreover, several radar-gauge merging techniques with 

varying degrees of complexity have been evaluated to assess which method best suits 

these two urban and semi-urban watersheds in the GTA area. The merging techniques 

implemented include Mean Field Bias correction (MFB), Frequency and Intensity 

Correction (FIC), local intensity scaling (LOCI), Cumulative Distribution Function 

Matching (CDFM), Range-Dependent bias Adjustment (RDA), Modified Brandes Spatial 

Adjustment (MBSA), and Kriging with Radar-based Error correction (KRE). The MFB, 

RDA, MBSA, and KRE methods are often used in the literature for radar-gauge merging; 

however, methods CDFM, FIC, and LOCI are seldomly discussed in the literature as 

radar-gauge merging techniques. In addition to radar-gauge merging techniques, Ordinary 

Kriging (OK) was also included for the evaluation as a benchmark since it is a widely 

used interpolation method for hydrological applications and is often used as a reference. 

This work aims to evaluate radar-gauge merging techniques using two dual-

polarized WKR C-band radar and two KBUF NEXRAD S-band operational radar hourly 

QPEs (the first attempt to the best of our knowledge) to assess which best suits the two 

urban and semi-urban watersheds in the GTA, Canada. The objectives of this study are 

(1) to evaluate different existing radar-gauge merging techniques of various degrees of 

complexity to facilitate hydrological model runs for operational flood forecasting in urban 
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watersheds; (2) to verify the reliability and accuracy of dual-polarized radar QPEs from 

WKR C-band and KBUF NEXRAD S-band QPEs as an additional data source for 

hydrological model calibration; (3) to assess the relative strength of radar-gauge merging 

techniques at different rain intensities; and (4) to illustrate the performance of radar-gauge 

merging techniques for different rainfall events. Additionally, Section 2 provides a 

detailed description of the study area. Characteristics of the radar and the rain gauge 

network and detailed descriptions of different methods used for merging can be found in 

Section 3. Section 4 presents the results and discussion of the evaluation of radar-gauge 

methods. Section 5 draws general conclusions. 

4.3.  Study Area 

The Humber River watershed and Don River watershed, located in the GTA, 

Ontario, Canada, are the two watersheds of interest in this study (Figure 4-1). Toronto 

and Region Conservation Authority (TRCA) currently manages both watersheds. The 

watersheds form part of the Great Lakes basin and have good coverage from the King 

City Canadian WKR C-band radar and the Buffalo KBUF NEXRAD USA S-band radar. 

The radar-gauge merging methods are applied on a square domain containing both 

watersheds (Top left: 567,172.239m E 4,883,228.030 m N; Bottom right: 647,341.150 m 

E 4,819,410.402 m N). 

The Humber River watershed is the largest semi-urban watershed in the GTA and 

is home to over 800,000 people. The watershed covers an area of 911 km2 and consists of 

approximately 54% rural land, 33% urban land, and 13% of urbanizing land [73]. For 
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further details on the Humber River watershed, readers are referred to the TRCA 

Watershed Features Humber River website [73]. 

The other watershed focused on for this study is the Don River watershed and is 

nearly 350 km2 in size and home to over a million residents. It is a fully urbanized 

watershed, with approximately 80% developed areas [74]. Further details of the Don 

River watershed can be found in the TRCA Don River website [74]. 
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Figure 4-1 Humber River and Don River watersheds, and coverages of the nearest radar 

sites (WKR and KBUF) 
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4.4.  Materials and Methods 

4.4.1.  Data 

4.4.1.1.  Rain Gauge Data 

Hourly rainfall accumulations provided by tipping-bucket rain gauges from 2012 

to 2017 were gathered from TRCA data archives. TRCA operates a dense gauge network 

(one gauge per ~75 km2 in Humber River and one gauge per ~116 km2 in the Don River) 

with 18 precipitation monitoring locations across the two watersheds. All TRCA gauge 

stations are located within ~40 km radius range of WKR Canadian C-band radar station 

and within the usable range (<180 km) of KBUF NEXRAD S-band radar (Figure 4-1). 

4.4.1.2.  King City WKR C-Band Dual-Polarized Radar QPEs 

Environment and Climate Change Canada (ECCC) operates 29 weather radar 

stations across Canada at a full reflectivity measurement range of 256 km around the site 

and a Doppler range of 120 km around the site [75]. Reflectivity data for this study were 

collected from the King City weather radar facility located north of Toronto, Ontario 

(Figure 4-1). The WKR radar performs dual-polarization POLarimetric Plan Position 

Indicator (POLPPI) scans at 0.5-degree elevation, completed in about 1 min, every 10 

min with 0.25 km range and 0.5-degree azimuth resolution [33]. Reflectivity values were 

corrected for attenuation using the modified ZPHI algorithm [33,76]. Radar QPEs were 

estimated using different rain rate estimator algorithms, R(Z), R (Z, KDP), and R (KDP, 

ZDR), listed in Table 4-1. In this study, the average over 11 × 11 radar pixels around the 

nearest gauge location was used to limit the wind drift [77]. Considering the resolution of 
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radar bins, the final radar QPE grid size is about 3 km (11 × 0.25 km) × 4 km (11 × 0.5 = 

5.5 deg assuming a distance of 40 km) with each grid cell containing a 10-min rainfall 

accumulation. Radar estimated rain rates are not time interpolated and are assumed to be 

constant over the scanning time interval of 10 min. To be consistent with the gauge data, 

the 10-min rainfall was integrated in time to derive 1-h rainfall accumulations. 

4.4.1.3.  KBUF NEXRAD S-Band Dual-Polarized Radar QPEs 

NEXRAD Level III S-band radar QPE data from the Buffalo radar station 

(Latitude 42.94639 Longitude −78.72278) were downloaded from the National Centers 

for Environmental Information (NCEI) archives. The KBUF radar collects reflectivity 

values about every 6 min at 0.25 km in range and 0.5-degree in azimuth. Afterward, rain 

rates are calculated using the Precipitation Processing System (PPS) algorithm R = 0.017 

Z0.714. Two NEXRAD Level III one-hour precipitation products, Digital Precipitation 

Array (DPA), and one-hour precipitation (OHA), were used for the study (Table 4-1). The 

operational NEXRAD QPEs have a temporal resolution of 60 min and a spatial resolution 

of ~4 × 4 km [78]. 

Table 4-1 List of rain-rate estimators for radar Quantitative Precipitation Estimates 

(QPEs) 

Radar 

QPE 
Description Formula Reference 

C1 
Combined Z and KDP algorithm using a threshold 

on KDP 

 

𝑅 = 0.017𝑍0.714 

𝑅 = 33.8𝐾𝐷𝑃
0.79 

[79] 

C2 
Multi-parameter rain rate estimator using KDP and 

ZDR 

 

𝑅
= 37.9𝐾𝐷𝑃

0.8910−0.072𝑍𝐷𝑅 

[43] 

N1 NEXRAD Level III (DPA) 𝑅 = 0.017𝑍0.714 [59] 

N2 NEXRAD Level III (OHA) 𝑅 = 0.017𝑍0.714 [59] 
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4.4.2.  Radar-Gauge Merging Methods 

The following radar-gauge merging techniques were carefully chosen for this 

study based on extensive operational use in urban areas, the ability to be implemented, 

prominence in past literature, varying degrees of complexity, and several location-specific 

factors such as gauge density, proximity to the radar station, basin size, and time step of 

adjustment [51,80]. 

4.4.2.1.  Mean Field Bias Correction (MFB) 

This method removes the bias introduced through the uncertainty in the radar 

calibration or an erroneous coefficient in the Z-R relationship [81]. MFB assumes that the 

radar QPEs are affected by a uniform multiplicative error. Therefore, a single adjustment 

factor (𝐶𝑚𝑓𝑏) is estimated (Equation (4-1) [82]) and applied to the entire radar field [82]. 

An alternative adjustment that depends on the mean assessment factor (𝐶𝑚𝑎𝑓) (Equation 

(4-2) [82]) is also implemented: 

Cmfb =
∑ Gi

N
i=1

∑ Ri
N
i=1

 (4-1) 

𝐶𝑚af =
1

𝑁
∑

Gi

Ri

𝑁

𝑖=1

 (4-2) 

where Cmfb and 𝐶𝑚af are correction factors, Gi and Ri are the gauge and corresponding 

radar value associated with gauge i. 

4.4.2.2.  Frequency and Intensity Correction (FIC) 

This method maps the distribution between the radar and gauge rainfall data at a 

given location [83]. FIC first truncates the radar rainfall distribution at a point that 
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approximately replicates the long-term observed relative frequency of rainfall. Then the 

truncated radar rainfall intensity distribution is mapped on to a gamma distribution fitted 

to observed gauge intensity distribution. The frequency of the hourly radar rainfall is 

corrected by fitting a threshold value �̃�𝑅 to truncate the empirical distribution of the radar 

rainfall data. The radar rainfall threshold �̃�𝑅 is calculated as follows (Equation (4-3) [83]) 

using the empirical cumulative distribution of both gauge and radar rainfall. In this 

method, 0.1 mm was used as the minimum observed precipitation amount �̃� for an hour to 

be considered wet (hours with precipitation ≥ threshold) based on the literature [83]. 

Corrected radar rainfall 𝑥𝑖
𝐶𝑜𝑟 on hour 𝑖 is calculated as in Equation (4-4) [83] by mapping 

the truncated radar rainfall intensity distribution 𝐹𝑅(𝑥) (e.g., fitted gamma or empirical 

distribution) to a gamma distribution fitted to observed intensity distribution 𝐹𝐺(𝑥). 

�̃�𝑅  =  𝐹𝑅
−1(𝐹𝐺(�̃�)) (4-3) 

Where 𝐹(∙) and 𝐹−1(∙) represent a cumulative distribution function (CDF) and its 

inverse, R indicated radar rainfall, and G shows observed gauge rainfall 

𝑥𝑖
𝐶𝑜𝑟 = {

𝐹𝑜𝑏𝑠
−1 (𝐹𝑅(𝑥𝑖)), 𝑥𝑖 ≥ �̃� 

0, 𝑥𝑖 < �̃�  

 (4-4) 

This study considered both gamma (GG) and empirical distribution (EG) for 

truncated radar data, respectively. Precipitation at a location without a coincident gauge 

record was obtained by correction from the precipitation values from the WKR C-band 

grid point closest to the gauge station. For NEXRAD radar, it was obtained from the 

closest radar pixel to the prediction grid cell with coincidental gauge records. 
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4.4.2.3.  Local Intensity Scaling (LOCI) 

The primary step of the LOCI method is to correct the wet time-step frequency 

and intensity, respectively [84]. First, a model wet-hour threshold (�̃�𝑅,ℎ ) is determined 

from the hourly radar rainfall for an hour ℎ to ensure that the threshold exceedance 

matches the wet-hourly frequency in the gauge observation. A correction factor (𝑥𝑅,ℎ,𝑖
𝐶𝑜𝑟 ) is 

then calculated using the following equation (Equation (4-5) [84]): 

𝑥𝑅,ℎ,𝑖
𝐶𝑜𝑟 = {

𝑥𝑅,ℎ,𝑖 ×
𝜇(𝑥𝐺,ℎ,𝑖|   𝑥𝐺,ℎ,𝑖 > �̃�𝑅,ℎ  )

𝜇(𝑥𝑅,ℎ,𝑖|   𝑥𝑅,ℎ,𝑖 > �̃�𝑅,ℎ  )
, 𝑥𝑅,ℎ,𝑖 ≥ �̃�𝑅,ℎ  

0, 𝑥𝑅,ℎ,𝑖 < �̃�𝑅,ℎ  

 (4-5) 

where 𝜇 is mean intensity (mm wh-1) (‘‘wh’’ is a wet hour, with greater than or equal to 

thresh hold). 

4.4.2.4.  CDF Matching (CDFM) 

The CDFM method uses a sorting algorithm to match the CDF of observed data 

(radar rainfall) to a reference data (gauge) set [85]. CDFM matches the CDF of the radar 

rainfall (𝑐𝑑𝑓𝑅) based on polynomial fitting to match with the CDF of the historical gauge 

data(𝑐𝑑𝑓𝐺). The radar estimated QPEs are re-scaled so that the empirical CDFs of both 

radar and gauge data sets match (Equation (4-6) [85]). A third-degree polynomial model 

is employed as follows for this purpose (Equation (4-7) [85]). 

𝑐𝑑𝑓𝐺(𝑥 ,) = 𝑐𝑑𝑓𝑅(𝑥) (4-6) 

where 𝑥 and 𝑥 , are the gauge data and transformed radar rainfall data respectively 

𝐵𝑅 = 𝑃1𝑆3 + 𝑃2𝑆2 + 𝑃3𝑆 + 𝑃4 (4-7) 

where 𝐵𝑅 is the bias-corrected radar rainfall, 𝑃 indicates the coefficients of the 

polynomial models, and 𝑆 is the raw radar rainfall. 
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4.4.2.5.  Range-Dependent Bias Adjustment (RDA) 

This method is based on the Baltic Sea Experiment (BALTEX) adjustment 

proposed by Michelson et al. [86] and assumes that radar biases are a function of the 

distance from the radar tower [87]. Range dependencies are due to beam broadening, 

overshooting of the beam, increasing height of the measurements, and attenuation effects 

[88]. The relationship between the R/G ratio and the distance from the radar station is 

expressed in the log-scale. The range is approximated by a second-order polynomial 

whose coefficients are determined through observations using the least-squares fit 

(Equation (4-8) [53]). The range dependent multiplicative factor is calculated from: 

log 𝐶𝑅𝐷𝐴 = 𝑎𝑟2 + 𝑏𝑟 + 𝑐 (4-8) 

where r is the distance from the radar tower to the radar bin, and a, b, and c are 

coefficients using the least-squares fit. 

4.4.2.6.  Modified Brandes Spatial Adjustment (MBSA) 

In opposition to MFB, the MBSA assumes that the biases are spatially dependent 

[57]. The MBSA distributes correction factors across the radar field. A distance-

weighting scheme with a smoothing factor is used to determine the influence of a known 

data point on the interpolated value of a specific radar bin. The correction factors (𝐶𝑖) are 

calculated at each gauge location at a set time step (e.g., hourly) (Equation (4-9) [53]). 

Then, weights (WT) for each radar bin i from each gauge location are determined 

following the Barnes objective analysis to produce the calibration field [89]. A negative 

exponential weighting (Equation (4-10) [53]) is used to calculate the weights. All 

correction factors are then interpolated across the entire radar field using two passes (𝐹1: 
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Equation (4-11) [53] and 𝐹2: Equation (4-12) [53]). Finally, the spatially interpolated 

correction factors at each radar bin are multiplied by the radar-estimated rainfall 

(Equation (4-13) [53]) to get the bias-corrected radar rainfall. 

𝐶𝑖  =
𝐺

𝑅
 (4-9) 

𝑊𝑇𝑖 = 𝑒𝑥𝑝 (
−𝑑2

𝐸𝑃
)  (4-10) 

𝐹1 =
∑ (𝑊𝑇𝑖)(𝐺𝑖)

𝑁
𝑖=1

∑ 𝑊𝑇𝑖
𝑁
𝑖=1

 (4-11) 

𝐹2 = 𝐹1 +
∑ (𝑊𝑇𝑖)(𝐷𝑖)𝑁

𝑖=1

∑ 𝑊𝑇𝑖
𝑁
𝑖=1

 (4-12) 

where 𝐷𝑖 = 𝐶𝑖 − 𝐹1,𝑖 

𝑅𝑛𝑒𝑤,𝑖 = (𝑅𝑜𝑙𝑑,𝑖)(𝐹2) (4-13) 

4.4.2.7.  Kriging 

The Kriging methods determine the precipitation value at a grid point/pixel at a 

non-gauged location by using gauge measurements at neighboring locations [61]. In this 

study, two kriging methods have been implemented: Ordinary Kriging (OK) and Kriging 

with Radar-based Error correction (KRE). The Ordinary Kriging method interpolates the 

precipitation from gauge observations at several locations [90]. The KRE method uses the 

radar field to estimate the error of the OK that is created using gauge data [91]. 

Ordinary Kriging (OK) 

The OK defines a variogram symbolizing the spatial variability of the observed 

precipitation field. First, a parametric variogram, 𝛾(ℎ), is generated using the gauge 

measurements. Weighted contributions from surrounding gauges are then used to 
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calculate rainfall values at unknown points (Equation (4-14) and 4-15) [61]). After that, 

the OK system is produced by minimizing the estimate variance using a Lagrange 

multiplier 𝜇1 (Equation (4-16) [61]). Finally, merged rainfall values at 𝑥0 are determined 

using 𝑛 values obtained by solving a matrix (Equation (4-17) [61]) that formalizes the 

above conditions. 

𝑍(𝑥0) = ∑ 𝑤𝛼

𝑁

𝛼=1

𝑍(𝑥𝛼) (4-14) 

with the condition that 

∑ 𝑤∝

𝑁

∝=1

= 1 
(

(4-15) 

∑ 𝑤𝛽

𝑁

𝛽=1

𝛾(𝑥𝛼 − 𝑥𝛽) + 𝜇1 = 𝛾(𝑥𝛼 − 𝑥0) 𝑓𝑜𝑟 𝑎 = 1, … , 𝑛 
(

(4-16) 

[

𝛾(𝑥1 − 𝑥1) ⋯ 𝛾(𝑥1 − 𝑥𝑛)
⋮ ⋱ ⋮

𝛾(𝑥𝑛 − 𝑥1)
1

⋯
⋯

𝛾(𝑥𝑛 − 𝑥𝑛)
1

1
⋮
1
0

] [

𝑤1

⋮
𝑤𝑛

𝜇1

] = [

𝛾(𝑥1 − 𝑥0)
⋮

𝛾(𝑥𝑛 − 𝑥0)
1

] 
(

(4-17) 

 

Kriging with Radar-Based Error Correction (KRE) 

This method attempts to diminish the bias while minimizing the variance of error 

[53]. The KRE method combines radar and gauges by fitting gauge data into the observed 

precipitation field 𝑅(𝑠) based on the radar data [91]. First, gauge data are Kriged using 

OK to create a gauge Kriging field 𝐺𝐾(𝑠) to obtain the best linear unbiased rainfall 

estimates. Then, the radar-based Kriging precipitation filed 𝑅𝐾(𝑠) is generated with the 

same variogram using radar QPEs at corresponding gauge stations. This process produces 

an interpolated rainfall field that retains the mean-field of the original radar data. After 
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that, the deviation between observed and interpolated radar values 𝜀𝑅(𝑠) is calculated at 

each grid point (Equation (4-18) [91]). Finally, the deviation field 𝜀𝑅(𝑠) is applied to the 

Kriged gauge field 𝐺𝐾(𝑠) to obtain the merged rainfall field (Equation (4-19) [91]) that 

preserves mean-field deviation and the spatial structure of radar rainfall. 

𝜀𝑅(𝑠) =  𝑅(𝑠) − 𝑅𝐾(𝑠) (4-18) 

𝑀(𝑠) = 𝐺𝐾(𝑠) + 𝜀𝑅(𝑠) (4-19) 

4.4.3.  Evaluation of Radar-Gauge Merging Techniques 

After Koistinen and Puhakka [92], several assumptions were made before 

conducting radar-gauge merging. Firstly, rain gauge data were used as a ground reference 

assuming they are accurate for each respective gauge location. However, gauge data can 

be unreliable due to human errors, irregularities of topography, wind-induced under-

catch, wetting, and evaporation losses [93]. Secondly, it was assumed that there is no 

spatial mismatch between radar and gauge measurements and is valid for the same 

location in time and space. However, there is always a spatial mismatch because different 

volumes are sampled by point rain gauges and spatially integrated weather radar at 

different heights [94]. While radar samples volume above approximately 4 × 4 km surface 

for NEXRAD radar and 3 × 4 km for WKR radar, rain gauges measure precipitation over 

an eight-inch diameter surface area contributing differences in measured precipitation. 

Thirdly, the radar was assumed to capture relative spatial and temporal variabilities of 

precipitation successfully. Even if attenuation and ground clutter is addressed during 

signal processing, other limitations such as anomalous propagation, radar calibration 

errors, wind effect, growth of precipitation, variations in the Z–R relationship, presence of 



Ph.D. Thesis - Dayal Wijayarathne                                           McMaster University-Earth Science 

146 

 

hail, or other hydrometeors can affect the radar precipitation [95]. Fourthly, the 

assumption of constant rain rate over the scans leads to a temporal sampling error [69,96]. 

Finally, the relations that are made upon the comparison between gauges and radar were 

assumed to be valid for other locations in time and space. 

Performance of nine radar-gauge merging techniques was investigated by using 18 

rainfall events, totaling 278 h (i.e., all events) of rainfall that occurred in spring, summer, 

and fall periods from 2012 to 2017 (Table 4-2). Since the Z–R relationships for WKR C-

band radar QPEs are only valid for liquid rainfall and do not account for low melting 

layers and possible bright band contamination, winter precipitation was excluded from the 

analysis [33]. Events were determined as the time where at least half of the gauges (9 out 

of 18) recorded a precipitation amount > 0 mm to the time where half of the gauges start 

re-recording zero. Additionally, intensity, availability of both radar and gauge 

precipitation, data continuity (limited number of missing values), reasonable 

accumulation of rainfall, and coverage of the watershed were considered during event 

selection. 
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Table 4-2 Description of events. 

Event 

No 
Start Date UTC End Date UTC Season 

Duration 

(Hours) 

Max Total 

Rainfall 

(mm) 

Max 

Rainfall 

Intensity 

(mm/h) 

1 
1 June 

2012 
8:00 

1 June 

2012 
23:00 Summer 16 39 28.0 

2 
28 May 

2013 
20:00 

29 May 

2013 
8:00 Spring 14 60 39.2 

3 8 July 2013 18:00 9 July 2013 2:00 Summer 9 93.8 46.8 

4 
31 July 

2013 
19:00 

1 August 

2013 
10:00 Summer 16 50 17.6 

5 
28 July 

2014 
0:00 

28 July 

2014 
12:00 Summer 13 85 81.0 

6 

6 

September 

2014 

0:00 

6 

September 

2014 

10:00 Fall 11 52.6 21.9 

7 
20 April 

2015 
3:00 

20 April 

2015 
19:00 Spring 17 32 6.1 

8 
30 May 

2015 
15:00 

31 May 

2015 
23:00 Spring 33 66 19.0 

9 
8 June 

2015 
0:00 

8 June 

2015 
13:00 Summer 14 44.2 32.0 

10 
27 June 

2015 
17:00 

28 June 

2015 
21:00 Summer 29 57 26.0 

11 
28 October 

2015 
7:00 

28 October 

2015 
23:00 Fall 17 49.8 11.0 

12 

10 

November 

2015 

19:00 

11 

November 

2015 

11:00 Fall 17 20.4 8.0 

13 
13 August 

2016 
16:00 

14 August 

2016 
1:00 Summer 11 45.2 28.8 

14 
16 August 

2016 
8:00 

16 August 

2016 
19:00 Summer 12 34.4 12.8 

15 
23 June 

2017 
5:00 

23 June 

2017 
14:00 Summer 10 65.2 25.2 

16 
20 July 

2017 
15:00 

20 July 

2017 
17:00 Summer 3 41.6 31.4 

17 
27 July 

2017 
0:00 

27 July 

2017 
15:00 Summer 16 15.2 7.6 

18 

18 

November 

2017 

22:00 

19 

November 

2017 

8:00 Fall 11 20 11.0 

 

The methods were evaluated by comparing the merged radar QPEs to the gauge 

measurements and radar only QPEs (hereafter referred to as RO) to determine what 
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method generates the best precipitation estimates. First, radar-gauge merging was applied 

for all events (278 h) at the same time to evaluate the performance of each technique for 

each radar QPE for an hourly time-step of accumulation. Then radar-gauge merging was 

separately applied for the events to represent the performance by the event. Missing 

gauge values were ignored during the analysis. The merged WKR QPE at the nearest 

gauge point or the combined NEXRAD radar pixel where the ground observation is 

collected was compared with the reference gauge points. As commonly practiced in 

hydrological studies, two-thirds of the gauges (12) were assigned for merging method 

implementing purpose (denoted by triangles in Figure 4-1), and the remaining six gauge 

stations (denoted by squares in Figure 4-1) were used for validation as reference gauges 

[61]. To get the maximum coverage within the watershed, stations that are located a 

minimum of 10 km apart from each other were selected for the verification. To assess the 

added value of the radar-gauge merging compared to the spatial distribution of the rain 

gauge data alone, the OK method was tested as a benchmark. In addition, the 

performance of each merging method for rainfall intensity thresholds was assessed to 

determine the effect of rainfall intensity on the merging methods. 

The merging techniques were applied to hourly precipitation amounts to keep the 

spatial and temporal advantages accessible by radar as the error due to spatial and 

temporal variations in gauge estimates are averaged out for more extended time steps, 

especially at 24 h or above or event-based accumulation times. The selection of 

appropriate space and time scales for radar-gauge merging to remove systematic bias in 

urban and semi-urban watersheds is always a compromise. It heavily depends on the 
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specific area of interest. Even though sub-hourly data provides more reliable results 

during radar-gauge merging for urban watersheds, hourly precipitation was used in this 

study due to several reasons. Firstly, high temporal resolution data limitation is a 

challenge in these two watersheds. Only hourly precipitation gauge data is available from 

most of the TRCA gauge stations for the study period from 2012 to 2017. Additionally, 

available NEXRAD radar data for the study area are in hourly temporal resolution. 

Secondly, sub-hourly time steps can result in random errors [97]. Thirdly, adjusting radar 

QPEs in long-term accumulations to be applied in short term hydrological applications is 

often used in literature and proven to be effective [97–100]. Fourthly, the hydrological 

models have been improved recently; however, many of them are not yet ready to use 

high temporal resolution (sub-hourly) inputs because the output is always for an hour or 

more than that [5]. Finally, hourly streamflow simulations using hydrological models 

could adequately capture peak flows at the two watersheds because the calculated time of 

concentration of both basins is higher than one hour [101]. In terms of operational flood 

forecasting, streamflow and possible inundated areas along a river must be sent to the 

authorities and public as early as possible. High-resolution radar QPEs are costly and also 

could delay the flood forecasting process because of the high model computation time 

when it comes to real-world application [5]. 

The spatial resolution of the radar data used in the study may not be the optimal 

resolution for urban hydrological applications. High spatial resolution data limitation is 

challenging. Nearly 4 × 4 km resolution NEXRAD radar is available for the study area. 

However, Hourly NEXRAD radar with 4 × 4 km spatial resolution has shown some 
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potential for operational use in urban scale watersheds in the USA [102]. After pixel 

averaging to limit the wind drift, the resolution of WKR is ~3 ×4 km. The pixels 

averaging was performed following the advice of severe weather scientists at WKR radar 

station, who has a long time of hands-on experience on WKR radar QPEs. Even though 

spatial sampling error increases with pixel averaging, the effect decreases with increasing 

accumulation time and, therefore, relatively low at a longer time scale [52]. Moreover, on 

a 1261 km2 (Humber River—911 km2 + Don River—350 km2) grid, the radar provides 

better spatial resolution than gauges. For Humber River watershed and Don River 

watershed, the WKR C-band radar gives the equivalent of about ~75 and ~29 rain gauges 

across the basins, respectively. In contrast, the rain gauges yield 12 and 3 measurements 

(Figure 4-1). The NEXRAD S-band radar provides the equivalent of about ~56 and ~21 

rain gauges across the Humber River and Don River basins, respectively. In addition, the 

use of radar QPE resolution mentioned earlier might save on computation time, 

facilitating the operational flood forecasting. 

The performance of merging techniques was assessed by calculating the Pearson’s 

correlation coefficient (r) (Equation (4-20)), BIAS (%) (Equation (4-21)), MAE (mm) 

(Equation (4-22)), and RMSE (mm) (Equation (4-23)) metrics for reference gauges 

measuring ‘true’ rainfall for all events together and each event separately. A metric called 

RMSF (dB) (Equation (4-24)) was also calculated because the RMSE overstates 

relatively significant differences that may be caused by inaccurate data [80]. 

Correlation (r) 

Correlation =
∑(𝑃𝐺 − �̅�𝐺)(𝑃𝑅 − �̅�𝑅)

√∑  (𝑃𝐺 − �̅�𝐺)2 ∑(𝑃𝑅 − �̅�𝑅)2
 (4-20) 
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BIAS (%) 

BIAS =
∑ 𝑃𝑅 − ∑ 𝑃𝐺

∑ 𝑃𝐺

 (4-21) 

MAE (mm) 

MAE =
∑ |𝑅𝑖 − 𝐺𝑖|

𝑁
𝑖=1

𝑁
 (4-22) 

RMSE (mm) 

RMSE =  √
∑ (𝑃𝐺 − 𝑃𝑅)2𝑛

𝑖=1

𝑁
 (4-23) 

RMSF (dB) 

RMSF =
√∑ (10 log

𝑅𝑖

𝐺𝑖
)

2
𝑁
𝑖=1

𝑁
 

(4-24) 

where, 

𝑃𝐺  is gauge measurement, �̅�𝐺 is average gauge measurement, 𝑃𝑅 is radar rainfall, �̅�𝑅 is 

average radar rainfall, and 𝑁 is the number of radar-gauge pairs data available. 

The following flow chart (Figure 4-2) provides an overview of the methods and 

evaluation process for this study. 
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Figure 4-2 Flow chart 

showing an overview of 

the methods and 

evaluation process 

 

4.5.  Results and Discussion 

Figure 4-3 shows the average RMSE (mm), MAE (mm), BIAS (%), correlation 

(r), and RMSF(dB) of the radar only QPE and merged radar QPE values for 278 h (i.e., 

all events) at grid point nearest to gauge point of King City WKR C-band radar and 

corresponding grid cell of KBUF NEXRAD S-band radar. The agreement between gauge 

observations and radar QPEs has been improved after applying radar-gauge merging; 

however, the degree of improvement varies for each method as well as for each radar 
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QPE (Figure 4-3). Overall, the CDFM method appears as the best performing method 

followed by KRE among nine merging techniques used in this study. Matching the CDFs 

of radar and gauge data sets based on polynomial fitting 1–5 was carried out to remove 

the systematic differences between two data sets. The CDFM method with polynomial 

fitting 3 appeared to perform best with the least RMSE and highest correlation for all four 

radar QPEs. The reported average RMSE with polynomial fitting 3 for C1, N1, C2, and 

N2 is 1.0 mm, 0.8 mm, 0.9 mm, and 1.7 mm, respectively. The correlation values for C1, 

N1, C2, and N2 recorded after CDFM with the third-degree polynomial model is 0.88, 

0.91, 0.89, and 0.89, correspondingly. The existing error after applying CDFM may be 

caused by the random component of the radar QPE errors that are not removed by the 

CDFM method. Even though the CDFM method is not often used in radar-gauge 

merging, it has been successfully applied to bias correct different other gridded 

hydrological inputs to hydrological models in previous literature such as soil moisture 

[103–105] and snow depths [106,107]. For example, Leach et al. [106] have reported a 

significant reduction of average RMSE after applying CDFM bias correction for Snow 

Data Assimilation System (SNODAS) snow depths (67.30 mm to 38.45 mm) as well as 

SNODAS snow water equivalent data (SWE) (19.99 mm to 5.19 mm). A significant 

improvement of average NSE for SNODAS snow depths (0.24 to 0.76) and SNODAS 

snow water equivalent data (−5.7 to 0.55) have also been reported. Furthermore, a mean 

correlation of 0.87 ± 0.02 and mean RMSE of 0.05 ± 0.02 was reported after CDF 

matching between soil moisture and ocean salinity (SMOS) microwave radiometer and 

local soil moisture observations [104]. Although the CDFM method is not very common 
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in radar-gauge merging, results suggest that it can be successfully used to match radar 

QPEs with gauge observations. The KRE method shows the second-best performance in 

terms of matrices calculated for all events. In this study, a bounded linear function that 

can be fitted to the experimental variogram model was used, and the data are assumed to 

be isotropic. Other unbounded functions stable, exponential, and Gaussian were also 

explored in the study to perform Kriging. Several bounded functions, including circular, 

spherical, pentaspherical, were also explored with gauge observations to find the best 

method to be used for radar-gauge merging. The bounded linear variogram outperforms 

all other variogram models with a recorded correlation of 0.88, BIAS of −1.05%, RMSE 

of 1.7 mm, and MAE of 0.8 mm. Both KBUF NEXRAD S-band (N1 and N2) and WKR 

C-band radar (C1 and C2) have been enhanced after application of radar-gauge merging; 

nevertheless, the degree of improvement differs for each radar QPE. 

In comparison with the radar only QPEs, the RMSE decrease is apparent for all 

the radar-gauge merging methods (Figure 4-3). The percent decrease of RMSE compared 

to radar only QPEs for C1, N1, C2, and N2 ranges from 79.85% to 90.50% after applying 

the CDFM method (Table 4-3). The NEXRAD Level III (DPA) shows the highest percent 

decrease, followed by WKR C-band multi-parameter rain rate estimator using KDP and 

ZDR. All radar-gauge merging methods effectively reduced the RMSE by more than 50% 

for C1, C2, and N1 except for MFB-maf and MBSA (Table 4-3). The recorded RMSF has 

been reduced for all four radar QPEs after applying all radar-gauge merging methods. In 

contrast to RMSE, N2 shows relatively higher RMSF decrement compared to the other 

three radar QPEs, especially after MFB-mfb, MFB-maf, RDA, and FIC-GG with greater 
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than 70% (Table 4-3). As mentioned before, RMSE inflates relatively significant 

differences that may be caused by inaccurate data that leads to anomalous values. The 

anomalous reflectivity values caused by the bright band effect may have caused the 

discrepancies in RMSE for N2. There is a high possibility for NEXRAD to measure 

reflectivity at the height of the bright band because the KBUF NEXRAD measures the 

precipitation relatively far (~106 km) from the watershed making a discrepancy in 

sampling heights between KBUF NEXRAD S-band and WKR C-band reflectivity 

measurements. 
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Figure 4-3 RMSE (mm), MAE (mm), BIAS (%), correlation (r), and RMSF of all radar-

gauge merging methods 

 

As seen in Figure 4-3, the MAE is considerably reduced after radar-gauge 

merging for all methods used in the study. All four radar QPEs have been improved 

except for MFB-mfb for C1. Reported MAE after RDA and FIC-GG merging methods 

are relatively similar for all radar QPEs. Reported MAE values for C1, N1, C2, and N2 

are 2.21 mm, 2.32 mm, 2.15 mm, and 2.34 mm respectively after RDA and 2.07 mm, 

2.08 mm, 2.03 mm, and 2.21 mm after applying FIC-GG. The highest percent decrease of 
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MAE is recorded after CDFM with greater than 90% decrement percent for C1, C2, and 

N1 (Table 4-3). Most of the methods effectively reduced the MAE (>50% percent 

decrease) for both WKR C-band and NEXRAD S-band radar QPEs except for MFB-maf 

and MBSA. 

The average negative (underestimation) BIAS for all radar QPEs has been reduced 

after applying radar-gauge merging; however, the degree of bias reduction varies for each 

method as well as for each radar QPE (Figure 4-3). The BIAS is relatively higher for both 

KBUF NEXRAD S-band radar before and after radar-gauge merging (Figure 4-3). After 

radar-gauge merging, the KRE method shows low BIAS with relatively persistent 

(average value ranges between −5% and −15%) values for each radar QPE. The persistent 

bias can be adjusted through hydrological model calibration [108]. 

The correlation between radar QPEs and gauge measurements has considerably 

increased after applying radar-gauge merging techniques (Figure 4-3). The correlation 

values after radar-gauge merging for all four radar QPEs are relatively high and persistent 

for the CDFM method compared to other methods. The percent increase of r values is 

higher than 100% for all four radar QPEs after bias correcting using the CDFM method 

(Table 4-3). After the CDFM method, a relatively complex KRE method shows the 

highest correlations between radar and gauge measurements with reported r values of 

0.88, 0.87, 0.76, and 0.78 respectively for C1, N1, C2, and N2. The percent increase of r 

values for all four radar QPEs for the KRE method is also higher than 100% (Table 4-3). 

The KRE method outperforms simple radar-gauge merging methods because it uses 

optimal interpolation to combine gauge and radar observations while taking the 
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covariance structure of the data into account to reduce bias as well as to minimize 

variance [52]. The MBSA method that uses a negative exponential weighing method 

(Barnes’s objective analysis) to interpolate differences in radar and gauge measurements 

performs well after KRE with relatively high and consistent correlation values for all four 

radar QPEs (Figure 4-3). The correlation values for all four radar QPEs after application 

of MFB-mfb, MFB-maf, RDA, LOCI, FIC-EG, and FIC-GG methods show similar and 

relatively satisfactory performances with r values range from 0.40 to 0.60 and relatively 

high percent increments (Table 4-3). The simple methods such as MFB can significantly 

improve radar QPEs and therefore remains one of the most commonly used radar-gauge 

merging methods for operational applications, especially in many national meteorological 

services [52,60,65]. Contrasting the MFB adjustment, the RDA method assumes radar 

QPE error surges with distance from the radar tower because of beam broadening and 

overshooting, and therefore improves KBUF NEXRAD than WKR C-band radar QPEs 

(Figure 4-3). 

Moreover, after radar-gauge merging, the correlation values decrease for radar 

QPEs as N1 > N2 > C2 ≈ C1. Among four radar QPEs, the correlation is much improved 

after applying bias correction for N2 compared to the other three radar QPEs and ranges 

from 94.97% to 206.89% (Table 4-3). For example, the correlation value of 0.29 between 

raw radar and gauge before bias correction is improved to 0.89, with the percent 

increment associated is 206.89% (Table 4-3) after applying CDFM. Apart from the 

CDFM method, all the other methods show a percent increment of greater than 90% for 

N2 (Table 4-3). Improvement is apparent for N2 after applying KRE with recorded 
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highest percent decrement of RMSE, BIAS, RMSF, and MAE, and the second-highest 

percent increment of the correlation (Table 4-3). The N2 shows the worst performances 

compared to other radar QPEs before radar-gauge adjustment with recorded RMSE, 

MAE, BIAS, r, and RMSF of 8.4 mm, 7.3 mm, −52.01%, 0.29, and 9.6 dB, respectively. 

Overall, as seen in Figure 4-3, the CDFM and KRE methods perform better than 

gauge only OK. However, the OK method provided precipitation estimates with a similar 

or better magnitude of accuracy as other radar-gauge merging techniques. The OK 

method shows a better magnitude of accuracy than all four radars only QPEs. The 

estimated matrices for gauge only OK method display similar matrices to other radar-

gauge merging techniques MFB, RDA, LOCI, FIC, and MBSA. As mentioned before, the 

rain gauge network density is relatively high for both Humber River and Don River 

watersheds with one gauge per 75 km2 and one gauge per 116 km2, respectively. The 

noticeable accuracy of gauge only OK is attributed to the proximity of merged gauge 

stations to verification gauges. The distance between the verification gauge and the 

nearest merged gauge in the study area varies from 3.5 km to 9.5 km. Since gauge only 

OK method performs better than radar only QPEs, radar QPEs must be adjusted with 

gauge measurements before using them as precipitation inputs to get the additional 

benefit added by radar QPEs. 
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Table 4-3 Percentage of change of RMSE, BIAS, Correlation, RMSF, and MAE after application of radar-gauge merging 

methods 

Merging Method 
RMSE Decrease (%) BIAS Decrease (%) r Increase (%) 

C1 N1 C2 N2 C1 N1 C2 N2 C1 N1 C2 N2 

CDFM 86.94 90.50 89.41 79.85 14.86 94.72 3.76 50.01 193.83 127.50 146.43 206.89 

MFB-mfb 57.25 70.51 60.71 43.15 20.00 56.64 19.05 55.78 37.02 66.08 27.64 105.87 

MFB-maf 42.14 25.26 25.00 22.40 20.00 56.64 10.00 42.32 52.60 66.08 27.64 105.87 

RDA 58.73 60.23 64.26 63.86 89.94 32.61 92.56 30.11 49.03 54.85 32.68 99.65 

LOCI 57.14 66.10 60.62 53.07 40.00 62.55 19.05 76.75 52.65 66.08 27.69 105.87 

FIC-EG 77.70 79.47 78.22 66.74 96.96 10.00 94.90 61.55 62.81 51.68 39.30 94.97 

FIC-GG 68.32 79.31 68.66 59.21 89.29 41.72 91.68 13.54 55.70 49.39 30.11 98.09 

MBSA 37.11 49.48 50.00 28.57 20.00 7.09 4.76 61.55 123.40 70.70 86.48 116.85 

KRE 68.14 53.23 57.50 78.31 67.90 71.42 51.23 78.85 191.87 118.66 111.11 170.57 

Merging Method 
RMSF Decrease (%) MAE Decrease (%)     

C1 N1 C2 N2 C1 N1 C2 N2  1.00   

CDFM 54.46 58.52 59.94 9.78 91.06 94.17 91.98 84.23  25.00   

MFB-mfb 24.71 21.22 11.58 70.32 70.61 73.28 75.36 67.04  50.00   

MFB-maf 30.00 11.09 44.33 77.50 3.07 46.99 35.30 72.10  75.00   

RDA 31.78 15.81 13.91 75.88 69.38 59.36 68.65 68.04  100.00   

LOCI 28.26 19.99 21.33 69.05 68.40 61.87 68.02 57.11  125.00   

FIC-EG 33.13 5.45 23.60 25.80 72.21 63.59 71.31 52.23  150.00   

FIC-GG 40.52 16.38 31.87 73.81 71.35 63.59 70.34 69.80  200.00   

MBSA 3.95 17.81 3.65 65.66 43.82 8.45 45.98 33.76  (%)   

KRE 52.16 18.97 44.71 63.07 76.46 61.83 55.14 78.00     
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Figure 4-4 compares the box and whisker plots of gauge measurements with each 

of the radar QPEs after the application of radar-gauge merging. The interquartile range 

(IQR) for merged radar QPEs is at the same level as reference gauge measurements and 

overlaps with one another for C1, C2, and N1 for all radar-gauge merging methods. 

Additionally, the median of C1, C2, and N1 lies within the IQR of the gauge 

measurements. The first quartile, median, third quartile, and the range of C1, C2, and N1 

nearly tie-up with gauge measurements, implying that all radar-gauge merging methods 

perform evenly well for C1, C2, and N1. The first quartile, median, third quartile, and the 

range of N1 after applying CDFM methods match the gauge measurements implying that 

N1 with the CDFM method can be used as an additional source of precipitation for 

hydrological model calibration with high confidence. The IQR for N2 does not overlap 

with reference gauge or with C1, C2, and N1 for all radar-gauge merging methods except 

for the KRE method. For example, after FIC-EG correction, the IQR for N2 is entirely 

above the reference gauge measurements as well as C1, C2, and N1. Additionally, its 

median always lies either below or above IQR of gauge and other radar QPEs except for 

KRE. Therefore, it can be concluded that radar-gauge merging methods work relatively 

better on C1, C2, and N1 compared to N2. However, after applying KRE, the IQR of N2 

overlaps with gauge measurements and other radar QPEs. The median after KRE bias 

correction lies within IQR of the gauge data as well as C1, C2, and N1. Therefore, the 

KRE method performs well for all radar QPEs compared to other methods. 

As mentioned above, the N2 QPEs are unstable for radar-gauge merging methods 

except for KRE. The percent detection (d) of precipitation was calculated for radar only 
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QPEs using the following equation to find out the capability of each radar QPE to capture 

the precipitation compared to gauges. 

Detection (d) 

d =
𝑛𝑃𝑅

> 0, 𝑛𝑃𝐺
> 𝑡ℎ𝑟𝑒𝑠ℎ

𝑛𝑃𝐺
> 𝑡ℎ𝑟𝑒𝑠ℎ

× 100 (4-25) 

where, 

𝑃𝐺  is gauge measurement, �̅�𝐺  is average gauge measurement, 𝑃𝑅 is radar rainfall, �̅�𝑅 

is average radar rainfall, 𝑛𝑃𝑅
> 0, 𝑛𝑃𝐺

> 𝑡ℎ𝑟𝑒𝑠ℎ, number of radar-gauge pairs that the 

radar records precipitation and the corresponding gauge observation exceeds the specified 

threshold (0 mm); and 𝑛𝑃𝐺
> 𝑡ℎ𝑟𝑒𝑠ℎ, number of radar-gauge pairs where the gauge value 

exceeds the specified threshold (>0 mm). 

The calculated percent detection for C1, C2, N1, and N2 are 84%, 84%, 78%, and 

58%. The detection is relatively higher for WKR radar only QPEs than NEXRAD radar 

QPEs. The detection for N1 is better than N2. The WKR radar measures the precipitation 

at a distance of 37 km away from the greatest edge of the watershed and therefore shows 

high detection whereas the KBUF NEXRAD measures the precipitation ~106 km away 

from the watershed resulting lower detection of precipitation. The low detection of N2 

partially causes the worst performances compared to other radar QPEs used in the study. 

However, the KRE method uses radar observations of rainfall to assess the errors using 

Kriging to interpolate between the rain gauge observations and then condition the Kriged 

gauge field accordingly. Unlike bias reduction methods, the KRE method uses the spatial 

association of the radar rainfall field to support the interpolation of gauge measurements. 

Since it interpolates rainfall between radar and gauges, the missing values are infilled 
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during the radar-gauge merging process. The spatial variability observed by the radar is 

retained while reducing variance using the optimal information content in the vicinity of 

the gauges where they provide accurate information on the exact rainfall field using 

Kriging interpolation. The infilling using Kriging has caused relatively significant 

improvement of N2 radar QPEs compared to other radar QPEs. It is beneficial, especially 

for hydrological model calibration, where a continuous precipitation time series is often 

necessary. As suggested by Zhang et al. [109], the lack of detection is difficult to address 

during the calibration of hydrologic models. Therefore, the KRE method is recommended 

if the original data suffers from missing data. 

 
Figure 4-4 Box plots showing the distribution of precipitation values after radar-gauge 

merging for Gauge (G), C1, N1, C2, and N2 
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Figure 4-5 shows the hourly radar rainfall accumulations before and after radar-

gauge merging for all four radar QPEs for the 278 h of analysis (i.e., all events) and 

plotted against the gauge hourly accumulations. The scatter plots illustrate the relative 

strengths of each radar-gauge merging method at different rain intensities. The unbiased 

radar precipitation estimates are indicated by the one-to-one line (dotted line). In general, 

hourly precipitation values are more clustered along the one-to-one line after the 

application of radar-gauge merging when compared to the radar-only QPEs. Therefore, 

all radar-gauge merging methods are effective in adjusting radar QPEs to match with 

observed gauge measures. The CDFM and KRE methods generally perform well 

compared to the gauge observation followed by MBSA. However, the KRE method 

slightly overestimates the gauge measurements. The QPEs are much closer to the one-to-

one line for all four radar QPEs for precipitation intensities ranges from 1 mm/h to 10 

mm/h, especially after the application of CDFM methods. The KRE method performs 

reasonably well for all intensities as well as for all four radar QPEs. However, the 

agreement is relatively low for precipitation less than 1 mm/h and has become 

progressively worse with higher rainfall intensities. In heavy intensity rainfall events, the 

path attenuation affects reflectivity values and, ultimately, radar estimates precipitation 

[33]. Even though attenuation is addressed using the ZPHI algorithm for all methods, the 

attenuation correction can be possibly overshadowed by the extensive radome attenuation 

at WKR C-band radar station, resulting in poor rainfall estimates [33]. The CDFM 

method performs reasonably well for a wide range of intensities, including intensity > 10 

mm/h. However, the CDMF method overestimates lower accumulation amounts. 
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A similar overestimation is observed for the remaining radar-gauge merging 

methods as well. Even though a degree of scattering occurs between radar QPEs and 

gauge reported precipitation for hourly data after application of radar-gauge merging, less 

scatter is observed for N1 compared to C1, C2, and N2. Even though N2 shows 

acceptable performance after application of CDFM radar-gauge merging, some 

inconsistencies at the medium and higher intensities exist. This inconsistency may result 

due to the lack of detection of precipitation from NEXRAD S-band radar compared to 

WKR C-band as the two watersheds are closer to the WKR C-band radar than the KBUF 

NEXRAD radar. Although the WKR radar suffers from attenuation of return echoes, the 

detection is high as WKR radar measures the precipitation at a distance of ~37 km at the 

furthest edge of the watershed. For N2, the low detection has been successfully addressed 

by applying the KRE method as most of the values after KRE correction plotted close to 

the one-to-one line. 
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Figure 4-5 Scatterplots of radar quantitative precipitation estimate (QPE) hourly 

accumulations as a function of the hourly gauge accumulations before and after radar-

gauge merging (Note: both horizontal and vertical axes are in log scale) 

 

The average correlation between WKR C-band and KBUF NEXRAD S-band 

radar QPEs and gauge observations before and after radar-gauge merging for each event 

are presented in Figure 4-6a–d. Overall, the correlation is relatively higher for all four 

radar QPEs (C1: 0.24–0.96; C2: 0.25–0.96; N1: 0.45–0.97; N2: 0.10–0.94) compared to 

radar only QPEs (C1: 0.01–0.80; C2: 0.00–0.79; N1: 0.05–0.74; N2: 0.0–0.46) after 

applying radar-gauge merging methods. The correlation values vary from event to event. 

The average correlation for 18 events for QPEs from C1, C2, and N1 after applying the 

CDFM method is superior to other radar-gauge methods for all events followed by KRE 



Ph.D. Thesis - Dayal Wijayarathne                                           McMaster University-Earth Science 

167 

 

and MBSA (Figure 4-6a–c). The correlation values vary considerably between different 

radar QPEs as well as between different events before the application of radar-gauge 

merging. As can be seen in Figure 4-6, after radar-gauge merging, the correlation values 

are approximately similar for all radar QPEs as well as for all events, especially after 

CDFM. Correlation values range from 0.80 to 0.99 for all events after applying the 

CDFM method for C1, C2, and N1. However, for N2, the CDFM method shows some 

inconsistencies (Figure 4-6d), and this may be due to the lack of detection, as discussed 

before. The KRE method shows a higher correlation with gauge data compared to other 

radar-gauge merging methods followed by CDFM and MBSA for N2 (Figure 4-6d). Even 

though MFB, RDA, LOCI, FIC methods show higher correlation values after radar-gauge 

merging for 278 h (i.e., all events) compared to radar only QPEs, relatively low or no 

improvement is observed for each event separately for C1, C2, and N2. However, all 

radar-gauge merging techniques show a considerable increase in correlation values for 

four summer events 13, 14, 15, and 16 and relatively low but substantial improvements 

for summer events 3, 4, and 10 for N1 (Figure 4-6b). The radar-gauge merging is 

relatively effective for events in summer than fall and spring, especially for N1. The 

performances of radar-gauge merging methods and, eventually, the quality of merged 

rainfall products is affected by the quality of original radar QPE products [68]. The 

recorded RMSE and Correlation values before radar-gauge merging for N1 is relatively 

good compared to other raw radar QPEs of C1, C2, and N2. This quality of N1 radar 

QPEs may have affected for successful merging in N1. On the other hand, the bright band 

effect might have affected the quality of radar QPEs in early spring, and late fall, and 
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apparently, the radar-gauge merging is not able to improve the radar precipitation 

estimates successfully. 

Figure 4-6e–h shows the average RMSE between radar-gauge hourly 

accumulation pairs before (RO) and after applying radar-gauge merging for radar QPEs 

for each event separately. Calculated RMSE shows the same trend as the correlation 

values and varies from event to event. Generally, the RMSE is relatively lower for all 

four radar QPEs compared to raw radar QPEs after applying radar-gauge merging. The 

average RMSE for QPEs from all four radar QPEs after applying CDFM method (C1: 

0.4–12.0 mm; C2: 0.3–13.0; N1: 0.6–12.1 mm; N2: 0.0–13.0 mm) are superior to other 

radar-gauge methods compared to radar only QPEs (C1: 1.7–18.0 mm; C2: 3.1–15.1 mm; 

N1: 1.1–15.0 mm; N2: 1.2–15.0 mm) for all events. The RMSE values vary substantially 

between different radar QPEs as well as between different events before the application 

of radar-gauge merging. Even though RMSE is reduced after radar-gauge merging, 

RMSE is nonetheless high for high-intensity events (e.g., events 3 and 5) and relatively 

small in low-intensity events (e.g., events 7, 12, and 18). Although radar-gauge merging 

reduces the RMSE, above mentioned limitations in radar precipitation estimates [23,41] 

impede the accuracy and reliability of radar QPEs. 

As indicated in the matrices for 278 h (i.e., all events), the gauge only OK method 

shows relatively better performances than radar only QPEs for separate events in terms of 

r and RMSE (Figure 4-6). After applying the CDFM, KRE, and MBSA merging 

techniques to C1, C2, and N1 show better performances than the OK method. As stated 

before, a relatively high dense gauge network may result in a better magnitude of 
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accuracy for OK than MFB, RDA, FIC, and LOCI radar-gauge merging techniques. The 

outperformance of rain gauge alone OK could be due to the ability of the high-density 

gauge network to describe the spatial variability in the precipitation field. For every 

event, radar QPEs adds additional value only after applying radar-gauge merging. 

Therefore, radar only QPEs must be adjusted with the appropriate merging technique 

before using them as additional precipitation source for event-based hydrological models 

for operational flood forecasting. 
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Figure 4-6 Average correlation (a–d) and RMSE (e–h) between the hourly accumulation of merged radar QPEs and gauge 

measurements for each event. Note: Summer events: 1, 3, 4, 5, 9, 10, and 13-17; Spring events: 2, 7, and 8; Fall events: 6, 11, 

12, and 18 
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Figure 4-7 shows an example of radar-gauge merging results after applying the 

KRE method. The figure shows the spatial distribution of accumulated precipitation 

derived from radar-gauge merging using KRE for the event 3 took place from 8 July 2013 

1800 UTC to 9 July 2013 0200 UTC. It compares the difference between the gauge (G), 

NEXRAD radar only QPEs (RO), and KRE merged QPE (KRE). The KRE precipitation 

field display features from both gauges and radar only QPE. Additional information is 

reported after applying the KRE method in the areas where the gauges’ record 

precipitation, but the radar only QPEs is uncertain. The agreement between the 

precipitation recorded at the reference gauges and radar QPEs is higher than that of the 

radar only QPEs, especially in the South-Eastern parts of the watershed. 
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Figure 4-7 Comparison between the gauge (G), NEXRAD radar only QPEs (RO), and 

KRE merged QPE (KRE) precipitation field for event 3 (8 July 2013 1800 UTC to 9 July 

2013 0200 UTC) The numbers represent observed precipitations at each gauge station in 

mm 

Besides the factors discussed above, the selection of an optimal radar-gauge 

merging method is influenced by location-specific environmental and operational factors 

[53]. Therefore, it is vital to understand the impact of factors such as the density of the 

gauge network, storm characteristics, proximity to radar tower, response time (time of 

concentration) of the watersheds, and the time step of adjustment to select appropriate 

radar-gauge merging technique. The rain gauge density of the semi-urban Humber River 

and urban Don River watersheds are relatively high, with rain gauge densities of one 

gauge per ~75 km2 and one gauge per ~116 km2, respectively. According to McKee and 
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Binns [53], rain gauge density can play a significant role in determining the optimal 

radar-gauge merging method. Highly dense rain gauge networks can sometimes 

characterize the spatial variability in the rainfall field and hence adequately increase the 

confidence in radar-gauge merging methods. For example, Goudenhoofdt and Delobbe 

[52] studied the sensitivity of radar-gauge merging methods to rain gauge density and 

concluded that the decrease in density affects spatial adjustment methods than simple bias 

reduction techniques. As shown in this study, both bias reduction techniques (CDFM, 

MFB, MBSA, RDA) and error variance minimization techniques (KRE) produce better 

results because of the high dense gauge network. The characteristics of the storm, such as 

intensity, also affect the accuracy of radar-gauge merging [110]. The results of this study 

also suggest that only the CDFM method and KRE method show better agreement 

between observed gauge measures and merged radar QPEs for a wide range of intensities; 

however, the agreement is deteriorated for all other methods with increasing the intensity. 

Furthermore, the proximity to the radar tower affects the accuracy of radar-gauge 

merging in two separate ways. Firstly, the accuracy of the radar-estimated precipitation 

and the radar-gauge merging methods deteriorate with increasing distance from the radar 

tower. Secondly, low detections of KBUF NEXRAD radar compared to WKR C-band 

radar due to beam broadening, beam overshooting, and beam attenuation affect the raw 

radar QPE quality, radar-gauge merging techniques, and ultimately merged radar QPEs. 

After applying RDA to KBUF NEXRAD radar, a substantial improvement was observed 

compared to WKR C-band radar, especially in terms of correlation. As Gjertsen et al. [80] 

suggested, relatively small urban basins with a time of concentration on the order of hours 
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are highly benefitted from radar QPEs that require rainfall estimation on small spatial and 

temporal scales. Therefore, the time step of the radar-gauge merging plays a vital role in 

selecting radar-gauge merging methods for urban watersheds. For more extended periods 

(e.g., daily or event-based temporal resolutions), the magnitude of spatiotemporal 

sampling errors become stable because error fluctuations are averaged over time [53,80]. 

Even though the errors are reduced, short-term variations are missed affecting the 

accuracy of merged radar QPEs. In this study, an hourly time-step is used, because the 

study targets operational flood forecasting in urban watersheds where response time is on 

the range of hours. Since radar-gauge merging is performed in hourly time-step, spatially 

dependent bias correction method KRE works better than bias reduction method MFB. 

The variations between radar and gauges are more pronounced in shorter time steps, and 

therefore more weight is placed on the gauge observations when error variance methods 

such as KRE are used. Bias reduction methods such as MFB averaged out these variations 

and hence produced less accurate merged radar QPEs compared to KRE. Apart from all 

the above-mentioned factors, data management, and computational requirements must 

also be considered. The error variance methods, such as KRE, involves higher 

computational power than simple methods such as MFB. Because of these factors, the 

results from this study are transferable only between relatively small urban watersheds 

with similar environmental and operational factors but not between large rural basins. 

4.6.  Conclusions 

Various methods combining QPEs from the dual-polarized WKR C-band and 

KBUF NEXRAD S-band operational radars and precipitation data from a rain gauge 
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network have been implemented for two watersheds in the GTA, Ontario, Canada—the 

semi-urban Humber River, and the urban Don River. A comparison of nine radar-gauge 

merging techniques is conducted using 18 rainfall events, occurring from 2012-2017, 

totaling 278 h (i.e., all events), against an independent gauge network of hourly rainfall 

measurements. Additionally, this study has investigated the impact of the quality and 

quantity of different radar QPEs on the performance of radar-gauge merging. Several 

statistical measures, Correlation (r), BIAS (%), MAE (mm), RMSE (mm), and RMSF 

(dB), have been computed to evaluate the performance of selected radar-gauge merging 

methods. 

Based on the verification study, all radar-gauge merging methods outperformed 

radar only QPEs alone. However, performance varies for each radar method as well as for 

different radar QPEs. The CDFM method with polynomial fitting 3 is the best performing 

method, followed by KRE. Since the KRE method uses information from radar to 

interpolate gauge data, it can be effectively used to merge radar QPEs with missing gauge 

values. The persistent bias reported using the KRE method could be addressed adequately 

during hydrological model calibration. If the distance from the radar tower to gauges in 

the watershed changes drastically, the RDA method that takes distance from the radar 

tower into account during radar-gauge merging is recommended. A relatively simple 

MFB method shows satisfactory performances along with reduced computational 

demand. Since radar-gauge merging primarily addresses the systematic errors, the 

inevitable random error component of the radar QPE errors is responsible for most of the 

existing differences between merged radar QPEs and reference gauge observations. The 
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gauge-only OK method outperforms radar only QPEs, as well as several merged QPEs 

because of its ability to characterize the spatial variability in the precipitation field using 

the high dense gauge network. 

The effectiveness of various radar-gauge merging methods and, ultimately, the 

quality of merged radar QPEs are affected by the quality and quantity of the radar only 

QPEs. Both NEXRAD S-band and WKR C-band radar QPEs have been improved after 

radar-gauge merging; however, the NEXRAD Level III (DPA) showed the most 

improvement. For that reason, all types of corrections for errors such as attenuation, VPR 

effect, etc. must be applied to improve raw radar QPEs before applying radar-gauge 

merging. Both merged NEXRAD and WKR radar QPEs show acceptable agreement 

between reference gauges and, therefore, can be used as an additional data source for 

hydrological model calibration with high confidence. All merged radar QPEs performed 

well in predicting for low and medium intensity precipitation from 1 mm/h to 10 mm/h. 

The CDFM and KRE methods show better performances for a wide range of intensities; 

nevertheless, performances deteriorate with the increasing rainfall intensities. The event-

based evaluation points out that all merged radar QPEs outperformed radar only QPES 

alone for all 18 events. However, performances improve considerably after applying 

CDFM, KRE, and MBSA. Radar-gauge merging performed best in the summer season 

when contamination due to the bright band effect is minimal compared to late fall and 

early spring. 

Since this study addresses systematic spatio-temporal errors at an hourly time 

step, radar-gauge merging would aid in developing accurate and continuous precipitation 
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data for hydrological model calibration for flood forecasting purposes at relatively small 

urban and semi-urban watersheds with a time of concentration on the order of hours. 

Although the results presented in this study provide some direction on the best methods to 

use for radar-gauge merging, there is no guarantee that similar performances will be 

obtained in all other locations in the radar domain. Therefore, it is recommended that 

additional information about the environmental and operational factors such as rain gauge 

density, rainfall intensity, proximity to radar tower, the response time of the watershed, 

and the time step of the radar-gauge merging, be used to select the best-merged radar 

estimated precipitation. In the future, evaluation of the accuracy, as well as computational 

demand for radar-gauge merging methods with hydrological models used for operational 

flood forecasting, is recommended. In addition, the radar-gauge merging methods must be 

re-evaluated when sub-hourly data is available. 
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Chapter 5. Integration of Radar QPEs into HEC-RTS Framework for 

Improved Hydrological Model Calibration for Streamflow Simulation 

and Flood Inundation Mapping 

Summary of Paper 4: Wijayarathne, D., Coulibaly, P., Boodoo, S., and Sills, D. (2020). 

Integration of Radar QPEs into HEC-RTS Framework for Improved Hydrological Model 

Calibration for Streamflow Simulation and Flood Inundation Mapping. Journal of 

Hydrometeorology, under review. 

The effect of Radar Quantitative Precipitation Estimates (QPEs) on hydrological 

model calibration for streamflow simulation and flood mapping was evaluated in this 

study for an urban watershed. To improve the calibration of model parameters, event-

based hydrological model run was performed by integrating KBUF NEXRAD S-band and 

WKR C-band radar QPEs. Then the results from hydrological modeling was compared to 

assess how Radar QPE forcing affect the streamflow simulation accuracy. Finally, 

hydrological-hydraulic HEC models were integrated within the Hydrologic Engineering 

Center- Real-Time Simulation (HEC-RTS) framework to develop flood extent maps. 

Key findings of this research include: 

• All model performance indices were improved after the application of bias 

correction and therefore, hydrological model calibration can be enhanced through 

radar-gauge merging. 

• In addition, bias-corrected Radar QPEs are helpful for running gauge-calibrated 

hydrological models. 
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• Streamflow simulations and flood maps created through bias-corrected Radar 

QPEs could be effectively used for improving flood forecasting in Canada. 

• HEC-RTS framework with bias-corrected Radar QPEs could be used to produce 

flood forecast maps. 

• Flood forecasting and management in urbanized areas could be affectively 

achieved by using Radar rainfall estimates. 

5.1.  Abstract 

Flood forecasting is essential to minimize the impacts and costs of floods, 

especially in urbanized watersheds. Radar rainfall estimates are becoming increasingly 

popular in flood forecasting because they provide the much needed real-time spatially 

distributed precipitation information. The current study evaluates the use of Radar 

Quantitative Precipitation Estimates (QPEs) in hydrological model calibration for 

streamflow simulation and flood mapping in an urban setting.  

S-band and C-band Radar QPEs were integrated into event-based hydrological 

models to improve the calibration of model parameters. Then, rain gauge and Radar 

precipitation estimates performance were compared for hydrological modeling in an 

urban watershed to assess the effects of Radar QPE forcing on streamflow simulation 

accuracy. Finally, flood extent maps were produced using coupled hydrological-hydraulic 

models integrated within the Hydrologic Engineering Center- Real-Time Simulation 

(HEC-RTS) framework. 



Ph.D. Thesis - Dayal Wijayarathne                                           McMaster University-Earth Science 

194 

 

 Radar-gauge merging can enhance the hydrological model calibration as all 

model performance indices were improved when bias correction was applied. Bias-

corrected Radar QPEs are also useful for running hydrological models calibrated using 

gauge data. It is shown that flood forecast maps can be produced with the HEC-RTS 

framework using the bias-corrected Radar QPEs. Canadian flood forecasting systems 

could be effectively updated by integrating bias-corrected Radar QPEs to simulate 

streamflow and produce flood inundation maps. Radar rainfall estimates could be 

effectively used to forecast flood in urbanized areas for effective flood management and 

mitigation. 

5.2.  Introduction 

Flooding is one of the most significant natural hazards given its potential for lost 

of lives and catastrophic socio-economic impacts (Jonkman and Vrijling 2008; Jonkman 

and Kelman 2005). Over the past decades, the frequency of flooding has increased due to 

population growth and climate change (Tol 2016; Jonkman and Vrijling 2008; Zhang et 

al. 2018). In Canada, floods are often mentioned as the most frequent natural hazard to 

life, property, economy, and environment (Bowering et al. 2014).  The estimated total 

cost of floods in Canada was almost 36 billion CAD from 1900 to 2016 (Public Safety 

Canada 2019). During the past few years, significant urban floods such as the 8th  July 

2013 flash flood in Toronto (Boodoo et al. 2015; Sills et al. 2016) have increased the 

demand for flood mitigation measures in Canada to minimize the damage (Han and 

Coulibaly 2019).  
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Standard flood mitigation measures are divided into two main categories: 

structural and nonstructural measures (Thampapillai and Musgrave 1985). Structural 

measures are mainly the construction of flood control structures that require a significant 

capital investment (Mays 2010). Nonstructural measures include flood forecasting, and 

these measures are a more effective and affordable alternative to reducing the negative 

impacts of flooding (WMO, 2006). A flood forecasting system that can deliver accurate 

and reliable forecasts with appropriate lead time is a critical part of nonstructural flood 

management (Nagai 2003; Reed et al. 2007; Unduche et al. 2018). According to the 

United Nations, flood damage can be reduced up to 35 % if a flood is adequately 

forecasted in advance (Pilon 2002). Various flood forecasting systems with varying 

complexities are being used worldwide to forecast floods in advance. Community 

Hydrologic Prediction System (CHPS) in the USA, European Flood Forecasting System 

(EFFS) in Europe, National Flood Forecasting System (NFFS) in England, and Flood 

Early Warning System (FEWS) in Scotland (Cranston and Tavendale 2012; De Roo et al. 

2003; Roe et al. 2010; Werner et al. 2009) are some of the examples. Hydrological and 

hydraulic models are critical parts of such flood forecasting systems (Teal and Allan 

2017).  

Hydrological and hydraulic modeling approaches were used to forecast river flows 

and flood extent over decades (Arduino et al. 2005; Awol et al. 2019; Han and Coulibaly 

2017; Leach et al. 2018; Wijayarathne and Coulibaly 2020; Che and Mays 2015). These 

models represent different hydrological processes in the hydrologic cycle, such as 

precipitation, evapotranspiration, infiltration, interception, and runoff using a set of model 
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parameters. Hydrological models calculate streamflow using inputs such as precipitation, 

temperature, soil moisture, and topography (Devia et al. 2015). Hydraulic models that 

simulate flood extent and inundation levels in the flood plain and surrounding areas use 

output from the hydrological models (Aksoy et al. 2016). Among all meteorological 

inputs, precipitation is the primary forcing for hydrological models (Devia et al. 2015). 

Therefore, the efficiency of flood forecasting systems where hydrological and hydraulic 

models are embedded is mainly determined by the accuracy and reliability of 

precipitation inputs (Larson and Peck 1974). 

Surface rainfall gauges or weather Radar provide precipitation input for the 

hydrological models (Randall et al. 2014). Rain gauges are believed to be accurate 

instruments for precipitation point measurements even though they suffer from both 

random errors (e.g. poor gauge site conditions, human errors, inadequate network density, 

and by the exposure to prevailing winds) and systematic errors (e.g. wind-induced under-

catch, wetting, and evaporation losses) (Sevruk 1982). At present, the calibration of a 

hydrological model mostly relies on in-situ rain gauge data (McMillan et al. 2011; 

Moreno et al. 2012). However, this approach often fails to adequately capture spatial and 

temporal variations (Dhiram and Wang 2016). Weather Radar produces spatially and 

temporally continuous data over a large area, including regions with sparse gauge point 

observation networks (Thorndahl et al., 2016), and its use can help address this 

shortcoming.  

With the worldwide development of Radar infrastructure and data processing 

methods, the interest in real-time, spatially distributed precipitation information derived 
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from weather Radar over conventional rainfall gauges is notable (Şensoy et al. 2016). The 

ability to capture the spatial variation of precipitation has contributed to Radar playing an 

essential role in meteorological studies (Doviak 1993). However, Radar Quantitative 

Precipitation Estimates (QPEs) are known to be suffering from errors arising from the 

measurements and reflectivity-rain intensity conversion process (Dai et al. 2018). 

Attenuation, miscalibration, ground clutter, anomalous propagation, beam blockage, 

range degradation, the presence of a bright band, variations in precipitation drop-size 

distribution, radome wetting etc., can cause errors in reflectivity measurements and 

eventually Radar QPEs (Boodoo et al. 2015; Borga 2002; Borga et al. 2006; Jordan et al. 

2000; Meischner 2005). Therefore, it is not practically possible to obtain error-free Radar 

QPEs when weather Radar is used as a precipitation measurement tool. 

The first appearance of Radar QPEs as precipitation input to hydrological models 

was reported at the urban storm drainage conference in Sweden, 1984 (Thorndahl et al., 

2016). The applications of weather Radar from a hydrological perspective have developed 

considerably since then, especially with the advances in computer power and expansion 

of new hydrological models (Beneti et al., 2019; Khan et al., 2019; Meischner, 2005; Ran 

et al., 2018; Thorndahl et al., 2016). In Canada, research in weather Radar began after the 

Second World War under the project Stormy Weather (Douglas 1990; Sills and Joe 

2019). Weather Radars were subsequently used for various hydrological studies in the 

Canadian context (Bellon and Austin 1984, 1978; Bellon and Zawadzki 1994; Bellon et 

al. 1980; Germann and Zawadzki 2004; Hassan et al. 2019; Germann and Zawadzki 

2002; Huang et al. 2010; Hudak et al. 2008, 2002; Brown et al. 2007; Barge et al. 1979; 
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Chen and Farrar 2007; Sills and Joe 2019; Wijayarathne et al. 2020a). The main 

applications of weather Radar in Canada include determining the type of precipitation, 

precipitation features and structure, operational forecasting such as weather forecasts and 

snow depth predictions, for operational weather warnings and as a tool to validate 

atmospheric models (Sills and Joe 2019). However, the use of Radar QPEs as an input to 

hydrological models is not a typical application in Canada, and previous studies were 

limited to the model WATFLOOD (Wijayarathne et al. 2020, unpublished manuscript). 

Therefore, Radar QPEs in operational flood forecasting is not yet implemented widely in 

Canada, and there are some challenges to overcome (McKee et al. 2018).  

For flood forecasting in urban and semi-urban watersheds where response time is 

in hours, Radar QPEs with high temporal and spatial resolution are needed to calibrate 

and run hydrological models. Relatively small-sized urban and semi-urban catchments 

with a high degree of imperviousness respond to rainfall relatively quickly and hence are 

very sensitive to the spatial and temporal variability of rainfall (Ochoa-Rodriguez et al., 

2019; Villarini & Krajewski, 2010). Therefore, hydrological models calibrated using 

selected events (e.g., severe or extreme weather spanning a few hours) are advantageous. 

Even though Radar QPEs produce real-time, spatially, and temporally continuous 

precipitation data, the intrinsic errors associated with Radar measurements and eventually 

Radar QPEs are the main reason for the limited use of Radar QPEs in operational flood 

forecasting (Wang et al. 2015). A significant improvement in Radar QPEs was observed 

after the introduction of dual-polarization technology and prototype algorithms in Canada 

(Bringi et al. 2011; Chandrasekar et al. 2013; Hall et al. 2015; Sugier et al. 2006; Boodoo 
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et al. 2015; Ryzhkov et al. 2005), with dual-polarized approaches producing more 

accurate Radar QPEs than is possible with single-polarized Radar. In addition to dual-

polarization, a significant improvement to Radar QPEs is possible via adjustment of 

values to match rain-gauge observations (radar-gauge merging) (Goudenhoofdt and 

Delobbe 2009; Ochoa-Rodriguez et al. 2019; Vieux and Bedient 2004; Wang et al. 2015; 

Wijayarathne et al. 2020b). Radar-gauge merging combines the advantages of both gauge 

and Radar QPEs while minimizing their weaknesses to produce accurate and reliable 

Radar QPEs (McKee and Binns 2016). With the invention of methods to retrieve, 

compute, view, bias-correct, and manage Radar QPEs, it is possible to implement flood 

early warning system to issue real-time flood forecasts for operational use. For that 

reason, Radar QPEs should go through careful selection, a comprehensive evaluation, and 

corrections where necessary before using them as precipitation forcing for the 

hydrological model in operational flood forecasting. Further research is essential to fill 

these niche areas before using Radar QPEs for operational flood forecasting in urban and 

semi-urban watersheds with confidence. 

The current study involves implementing a flood forecasting framework that 

allows connecting hydrological and hydraulic models in one platform using both rain 

gauge and weather Radar QPEs derived from USA and Canadian weather Radar to assess 

the benefit of Radar QPEs in flood forecasting. Firstly, the impact of radar-gauge merging 

on Radar QPE accuracy and reliability, and eventually, streamflow simulations were 

examined. Secondly, the use of Radar QPEs to improve hydrological model parameters' 

calibration was tested by integrating weather Radar QPEs to event-based hydrological 



Ph.D. Thesis - Dayal Wijayarathne                                           McMaster University-Earth Science 

200 

 

models focusing on flood forecasting. An inter-comparison of rain gauge and Radar QPE 

performance for hydrological modeling in an urban watershed was performed to assess 

the effects of various precipitation forcing on streamflow simulation accuracy. Finally, 

hydrological and hydraulic models were integrated within one framework to generate 

flood inundation maps to examine the impact of Radar QPEs on flood forecasting 

potential in an urban setting.   

5.3.  Study area 

The Mimico Creek watershed used in this study (Figure 5-1) is a part of the Great 

Lakes basin and lies between the Humber River and Etobicoke Creek watersheds (TRCA 

Report Cards 2020). It is currently managed by the Toronto and Region Conservation 

Authority (TRCA).  The Mimico Creek starts at Brampton and flows through 

Mississauga and Toronto in the Greater Toronto Area (GTA)  of Ontario (Natural 

Resources Canada 2016). It flows about 33 km through urban neighborhoods and 

discharges into Lake Ontario. More than 60% of the creek is artificially channelized, 

leading to rapid urban stormwater runoff resulting sometimes in flooding (TRCA Report 

Cards 2020). The watershed covers 77 km2 and is home to over 100,000 people (TRCA 

2020). It is heavily urbanized, with approximately 90% urban area and 10% natural cover 

(Figure 5-1) (Ontario GeoHub 2020). Predominant soil types are poorly drained clays and 

clay loams (TRCA 2009). The combination of impervious urban areas with poorly 

drained clay soil make the watershed particularly susceptible to flooding. Further details 

on Mimico Creek watershed can be found on the TRCA Watershed Features Etobicoke 

and Mimico website (TRCA 2020). The watershed has excellent coverage from both 

https://en.wikipedia.org/wiki/Greater_Toronto_Area
https://en.wikipedia.org/wiki/Ontario
http://www.nrcan.gc.ca/home
http://www.nrcan.gc.ca/home
https://geohub.lio.gov.on.ca/
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Canadian King City (WKR) C-band Radar and USA Buffalo (KBUF) Next Generation 

Weather Radar (NEXRAD) S‐band Radar (Figure 5-1).  

 
Figure 5-1 Mimico Creek watershed in GTA, and coverages of the Canadian WKR and 

USA KBUF NEXRAD Radar sites. 

 

5.4.  Data/Hydrological and Hydraulic models 

5.4.1.  Hydrometeorological and hydrometric data 

Sub-hourly (5-15 min) rainfall accumulations and temperature reported at fourteen 

hydrometeorological stations from 2013 to 2018 were gathered from TRCA data archives. 

All TRCA rain gauges are located within the Doppler range (<180 km) of the KBUF 
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NEXRAD S‐band Radar and the dual-polarized Doppler range (<120 km) of the WKR 

C‐band Radar station (Figure 5-1). It is assumed that TRCA rain gauges characterize the 

precipitation distribution over the entire watershed. This assumption is valid due to the 

relatively small size of the watershed and relatively high rain gauge density of one gauge 

per ~75 km2 (Wijayarathne et al. 2020b).  Sub-hourly (5-15 min) streamflow data from 

2013 to 2018 recorded by Water Survey of Canada (compiled at 

https://wateroffice.ec.gc.ca/search/historical_e.html) were collected from a long-term 

flow gauge named "Islington" (ID: 02HC033) (Figure 5-1).  Both precipitation and 

streamflow data were aggregated to obtain a 15 min rainfall time series for analysis. 

5.4.2.  Radar QPEs 

5.4.2.1.  King City (WKR) C-band Radar QPEs 

The WKR C-band Radar station has a conventional reflectivity measurement 

range of 256 km and a dual-polarization Doppler range of 120 km (Figure 5-1). Radar 

reflectivity data, gathered from Environment and Climate Change Canada (ECCC) 

archives, include dual-polarization POLarimetric Plan Position Indicator (POLPPI) scans 

in 10-minute cycles at the lowest (0.5°) elevation (Boodoo et al. 2015). The data 

resolution is 0.25 km by 0.5° in azimuth  (Wijayarathne et al. 2020a). The modified ZPHI 

algorithm was used to correct reflectivity values for attenuation (Ryzhkov et al. 2007). 

The Radar pixel nearest to the gauge location was extracted.  Wijayarathne et al. (2020a) 

evaluated the performance of WKR C-band Radar QPEs derived using seven Z-R 

relationships to verify the reliability and accuracy for operational use in the GTA, ON, 

https://wateroffice.ec.gc.ca/search/historical_e.html
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Canada and reported the best performance from the relationship 𝑅 = a𝐾𝐷𝑃
b 10c𝑍𝐷𝑅 . 

Therefore, in this study, the rainfall rate was calculated for a KDP (specific differential 

phase)-ZDR (differential reflectivity) rate relationship 𝑅 = a𝐾𝐷𝑃
b 10c𝑍𝐷𝑅, where a=37.9, 

b=0.89, c=-0.072  (Bringi and Chandrasekar 2001). This is applied only if KDP values are 

greater than 0.1 deg/km; otherwise, R (Z) is used, i.e., Z=200R1.6 (Marshall and Palmer 

1948). Therefore, in effect, the rates are derived as a composite of these two relationships. 

To be consistent with the gauge and streamflow data, the 10‐min rainfall accumulations 

were resampled using time interpolation to derive 15-min rainfall accumulations using 

Hydrologic Engineering Center Data Storage System Visual Utility Engine (HEC-

DSSVue).  

5.4.2.2.  Buffalo (KBUF) NEXRAD S‐band Radar QPEs 

Level III NEXRAD S‐band Radar reflectivities from the KBUF NEXRAD station 

were downloaded from the archives of the National Centers for Environmental 

Information (NCEI) (NOAA 2018). The Radar QPEs were derived using the Precipitation 

Processing System (PPS) algorithm R = 0.017 Z0.714 (Fulton et al. 1998) and reflectivity 

values collected every 5-10 min and having resolution 0.25 km in range and 0.5° in 

azimuth. The Digital Precipitation Array (DPA) QPE accumulation on the 4.7625 km 

Hydrologic Rainfall Analysis Projection (HRAP) grid was selected for the analysis after a 

NEXRAD QPE evaluation for GTA watersheds by Wijayarathne et al. (2020a). National 

Oceanic and Atmospheric Administration’s (NOAA's) Weather and Climate Toolkit 

(WCT), ArcGIS 10.6.1, MATLAB, and Python scripts were used for further processing 

of NEXRAD QPEs  (Guzman et al. 2013; Wijayarathne et al. 2020a). The first previously 
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recorded value at each 15 min interval was extracted, and rain rates were assumed to be 

constant across the time of interest.  

5.4.3.  Hydrological and hydraulic models 

5.4.3.1.  Hydrologic Engineering Center's Hydrologic Modeling System (HEC-HMS) 

The HEC-HMS hydrological model was developed by the Hydrologic 

Engineering Center of the US Army Corps of Engineers to simulate both continuous and 

event-based hydrological processes in a dendritic watershed in both space and time 

(Darbandsari and Coulibaly 2020; Wijayarathne and Coulibaly 2020). It allows users to 

select from a list of methods that can model different components in runoff generation 

(i.e., rainfall loss, direct runoff, river routing, base flow, and routing processes) 

(Cunderlik and Simonovic 2004). Precipitation, temperature, and calibrated parameters 

are the Major input to the HEC-HMS model. For further details on the HEC-HMS model, 

readers are referred to the HEC-HMS user manual (US Army Corps of Engineers 2020a). 

In this study, the HEC-HMS version 4.2.1 model implemented for the Mimico Creek 

watershed by TRCA (Zahmatkesh et al. 2020, unpublished manuscript) was used. For 

urban sub-basins, the model used the Soil Conservation Service (SCS) curve number and 

SCS Unit Hydrograph as the loss and transform methods, respectively. Clark Unit 

Hydrograph method was used as the transform method for sub-basins with natural cover. 

The other parameters such as Manning's n, curve number, imperviousness, etc., were 

considered unspecified to determine during model calibration. To represent prevailing 
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stormwater management facilities, reservoir routing components were also added to the 

HEC-HMS model.  

5.4.3.2.  Hydrologic Engineering Center's River Analysis System (HEC-RAS) 

The HEC-RAS hydraulic model was developed by the Hydrologic Engineering 

Center of the US Army Corps of Engineers to simulate both one and two-dimensional and 

combined one/two-dimensional flow in open channels and floodplains (Ezz 2018; Hicks 

and Peacock 2005). The model can produce flood extent and water levels using resulting 

peak flows from hydrological models (Hashemyan et al. 2015). The RAS Mapper portion 

of the HEC-RAS software performs flood inundation mapping for flood forecasting 

applications (Brunner et al. 2015).  Further details on the HEC-RAS model can be found 

in the HEC-RAS user manual (US Army Corps of Engineers 2020b). For this study, the 

HEC-RAS model developed for Mimico Creek watershed by TRCA was used 

(Zahmatkesh et al. 2020, unpublished manuscript). 

5.4.3.3.  Hydrologic Engineering Center- Real-Time Simulation (HEC- RTS) 

The HEC-RTS is a framework that assimilates different HEC products making it 

possible to develop a flood forecasting system by integrating HEC models in one 

platform (US Army Corps of Engineers 2020c). HEC-RTS connects the hydrological 

model HEC-HMS with the hydraulic model HEC-RAS and HEC-RAS mapper to 

generate flood inundation maps (Charley et al. 2012).  Rainfall-runoff processes for a 

selected watershed are simulated using the HEC-HMS model component. One and two-

dimensional, steady, and unsteady flow routing in streams are executed using the HEC-
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RAS model component. RAS mapper component of the HEC-RTS framework generates 

flood inundation maps using peak flows from HEC-HMS. Therefore, HEC-RTS can 

support operational flood forecasting by combining hydrological and hydraulic models in 

one common framework (Vyas and John 2016). For further details on the HEC-RTS 

model, readers are referred to the HEC-RTS user manual (US Army Corps of Engineers 

2020c). 

5.5.  Methods 

5.5.1.  Hydrological model calibration and validation 

5.5.1.1.  Selection of precipitation events 

Since this study focuses on flood forecasting in a fully urbanized catchment, the 

hydrological model must be calibrated and validated to simulate extreme events. 

Therefore, an event-based model calibration approach was used to calibrate the 

hydrological model (Awol et al. 2018). Given that the time of concentration of the 

watershed is relatively low (~4 hours), 15-minute time steps were used for hydrological 

simulations (Fang et al. 2008). Consistent with previous storm events reported in the 

GTA with the potential for flooding, events with rainfall accumulation > 20 mm 

(corresponding to a 2-year return period storm) were considered during the event 

selection (TRCA Flood Risk Management 2020). Other criteria such as precipitation 

intensity, percent detection, availability of both Radar and gauge precipitation, missing 

value percentage, and sufficient discharge at the watershed outlet were also considered 

during event selection (Wijayarathne et al. 2020b, a). As Z–R relationships for WKR C‐
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band Radar QPEs do not account for bright band contamination, precipitation during the 

winter season was excluded from the study (Boodoo et al. 2015; Wijayarathne et al. 

2020a). Consequently, eighteen precipitation events occurred during spring, summer, and 

fall periods from 2013 to 2018 were screened to select significant storm events with the 

potential of flooding to perform calibration and validation of hydrological models and 

stormwater runoff simulation (Table 5-1). 

Table 5-1 Description of events. 

Event # 
Start time 

(UTC) 

End time 

(UTC) 
Season 

Cumulative 

rainfall (mm) 

Peak flow 

(m3s-1) 

1 28 May 2013 0915 29 May 2013 0800 Spring 35.2 36.6 

2 31 Jul 2013 2220 01 Aug 2013 1005 Summer 42.5 30.2 

3 27 Jul 2014 2300 28 Jul 2014 0930 Summer 35.5 51.5 

4 20 Apr 2015 0305 20 Apr 2015 1305 Spring 24 39.4 

5 31 May 2015 0315 31 May 2015 1000 Spring 21.2 39.3 

6 08 Jun 2015 0455 08 Jun 2015 1025 Summer 29 42.7 

7 27 Jun 2015 1810 28 Jun 2015 0255 Summer 34 56.4 

8 10 Aug 2015 1625 10 Aug 2015 2040 Summer 43.5 79 

9 28 Oct 2015 0950 28 Oct 2015 1435 Fall 21.9 56.8 

10 10 Nov 2015 19:55 11 Nov 2015 0040 Fall 21.7 18.5 

11 13 Aug 2016 1615 13 Aug 2016 2000 Summer 27 74.7 

12 23 Jun 2017 0435 23 Jun 2017 1405 Summer 47.5 110.7 

13 20 Jul 2017 1515 20 Jul 2017 1700 Summer 23.8 65.2 

14 24 Jun 2018 0930 24 Jun 2018 1515 Summer 27.2 49.7 

15 22 Jul 2018 0825 22 Jul 2018 1355 Summer 26.7 20.6 

16 17 Aug 2018 0540 17 Aug 2018 1225 Summer 52.2 31.82 

17 21 Aug 2018 1105 21 Aug 2018 1935 Summer 39.8 59.55 

18 10 Sep 2018 0810 10 Sep 2018 2040 Fall 25.8 36.38 

 



Ph.D. Thesis - Dayal Wijayarathne                                           McMaster University-Earth Science 

208 

 

5.5.1.2.  Bias correction of Radar QPEs 

Firstly, Radar estimated precipitation data were bias-corrected using the 

Cumulative Distribution Function Matching (CDFM) radar-gauge merging method to 

increase accuracy and reliability before using them as precipitation input to hydrological, 

hydraulic models (Wijayarathne et al. 2020a). The impact of radar-gauge merging on 

accuracy and reliability of Radar QPEs was assessed by comparing the nearest gauge 

point for WKR QPEs and Radar pixel where the gauge is located for NEXRAD QPEs 

(Wijayarathne et al. 2020a). The correlation coefficient (r, Eq. 5-1) (value of 1 for a 

perfect fit) and Root Mean Square Error (RMSE, Eq. 5-2) (value of 0 for a perfect fit) 

were calculated between radar-gauge pairs for each event.  

Correlation (r)  

𝑟 =
∑(𝑃𝐺 − �̅�𝐺)(𝑃𝑅 − �̅�𝑅)

√∑  (𝑃𝐺 − �̅�𝐺)2 ∑(𝑃𝑅 − �̅�𝑅)2
 (5-1) 

RMSE (mm)  

𝑟𝑚𝑠𝑒 =  √
∑ (𝑃𝐺 − 𝑃𝑅)2𝑛

𝑖=1

𝑛
 (5-2) 

Where,  
𝑃𝐺  gauge measurement  

�̅�𝐺 average gauge measurement 

𝑃𝑅 radar rainfall  

�̅�𝑅 average radar rainfall  

𝑛 number of radar-gauge pairs   

Secondly, to further assess the impact of radar-gauge merging on the accuracy and 

reliability of Radar QPEs, a proxy validation was performed using the HEC-HMS 

hydrological model from TRCA (McKee et al. 2018). The previously calibrated model 
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parameters determined using gauge data were employed during the model run (Chu and 

Steinman 2009). Precipitation input to the HEC-HMS model was modified according to 

five different scenarios: i) Gauge data (G-G); ii) WKR C-band Radar QPEs (G-C); iii) 

WKR C-band Radar QPEs bias-corrected with CDFM (G-C-B); iv) NEXRAD S-band 

Radar QPEs (G-N); v) NEXRAD S-band Radar QPEs bias-corrected with CDFM (G-N-

B). The agreement between observed and simulated streamflow was evaluated by 

calculating Pearson’s correlation coefficient (r, Eq. 5-3), Root Mean Square Error 

(RMSE, Eq. 5-4), Percent BIAS (PBIAS, Eq. 5-5), Mean Absolute Error (MAE, Eq. 5-6), 

Kling-Gupta Efficiency (KGE, Eq. 5-7), Nash Sutcliffe Efficiency (NSE, Eq. 5-8), 

Volume Error (VE, Eq. 5-9), and Modified Peak Flow Criterion (MPFC, Eq. 5-10). The 

optimal value of PBIAS is 0. Positive values indicate model overestimation, whereas 

negative values show model underestimation (Wijayarathne and Coulibaly 2020). MAE 

values range from 0 to ∞ where lower values indicate better performances (Willmott and 

Matsuura 2005). KGE value ranges between -∞ and 1, with one indicating perfect fit 

(Gupta et al. 2009). NSE values spanning between -∞ and 1, with 1 being the optimal 

value. Values between 0 and 1 are considered acceptable (Nash and Sutcliffe 1970; 

Moriasi et al. 2007). The value of VE ranges from 0 to ∞ , and better performances show 

values close to 0 (Samuel et al. 2011). MPFC focuses on peak flows, and a value of 1 

reveals a perfect fit (Coulibaly et al. 2001).  

Correlation (r) 
 

𝑟 =
∑ (𝑄�̂� − �̅̂�) (𝑄𝑖 − 𝑄�̂�)

𝑛
𝑖=1

√∑ (𝑄𝑖 − 𝑄�̂�)
2𝑛

𝑖=1 ∗ ∑ (𝑄�̂� − �̅̂�)
2

𝑛
𝑖=1

 (5-3) 
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RMSE (mm)  

𝑅𝑀𝑆𝐸 =  √∑ (𝑄𝑖 − 𝑄�̂�)
2𝑛

𝑖=1

𝑛
 

 

(5-4) 

PBIAS (%)  

𝑃𝐵𝐼𝐴𝑆 = [
∑ (𝑄�̂� − 𝑄𝑖) ∗ (100)𝑛

𝑖=1

∑ (𝑄𝑖)
𝑛
𝑖=1

] (5-5) 

MAE (mm)  

𝑀𝐴𝐸 =
∑ |𝑄�̂� − 𝑄𝑖|

𝑛
𝑖=1

𝑛
 (5-6) 

KGE  

𝐾𝐺𝐸 = 1 − √(𝑟 − 1)2 + (𝛼 − 1)2 + (𝛽 − 1)2 (5-7) 

NSE  

𝑁𝑆𝐸 = 1 −
∑ (𝑄𝑖 − 𝑄�̂�)

2𝑛
𝑖=1

∑ (𝑄𝑖 − �̅�)2𝑛
𝑖=1

 
 

(5-8) 

VE 
 

𝑉𝐸 =
∑ 𝑄�̂�

𝑛
𝑖=1 − ∑ 𝑄𝑖

𝑛
𝑖=1

∑ 𝑄𝑖
𝑛
𝑖=1

 (5-9) 

MPFC 
 

𝑀𝑃𝐹𝐶 = 1 −
[∑ (𝑄𝑝𝑖 − �̂�𝑝𝑖)

2
𝑄𝑝𝑖

2𝑛𝑝

𝑖=1
]

1/4

 

(∑ 𝑄𝑝𝑖
2𝑛𝑝

𝑖=1
)

1/2
 (5-10) 

 

Where,  
𝑄𝑖  observed flow at ith data point 

�̅� mean observed flow 

𝑄�̂� simulated flow at ith data point 

�̅̂� mean simulated flow 

𝑛 number of data points 

𝑛𝑝 number of peak flows that are greater than 75 percentiles of observed flow 

𝑄𝑝𝑖 observed peak flows 
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�̂�𝑝𝑖 simulated peak flows 

𝑟 linear correlation coefficient 

𝛼 measure of relative variability 

𝛽 bias (ratio of simulated and observed values) 

𝑁𝑆𝐸𝑙𝑜𝑔 NSE calculated using the log streamflow values (for low flows) 

𝑁𝑆𝐸𝑠𝑞𝑟  NSE calculated using the squared streamflow values (for high flows) 

5.5.1.3.  Model recalibration and validation 

In the hydrological model run analysis above, the existing HEC-HMS model from 

TRCA was used to evaluate the impact of radar-gauge merging on streamflow simulation. 

It is worth noting that the model's calibrated parameters were determined using historical 

gauge data, and therefore, the performances can be biased toward gauge data. In order to 

address this issue, HEC-HMS hydrological model was recalibrated using both WKR King 

City C-band Radar QPEs and KBUF S-band Radar QPEs to evaluate the effects of 

different Radar QPEs on hydrological model calibration and streamflow simulation. The 

following scenarios listed in Table 5-2 were considered during the recalibration. 

Scenarios 1 to 5 used gauge data, Radar only QPEs, and merged Radar QPEs during 

calibration and validation. Flood forecasting systems usually encompass hydrological 

models calibrated and validated using historical gauge data. To examine the advantage of 

using bias-corrected Radar QPEs to run the hydrological models with optimum 

parameters obtained using gauge data, two additional scenarios (scenarios 6 and 7) were 

also considered in the study.  
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Table 5-2 HEC-HMS model run scenarios during calibration and validation. 

Scenario Calibration Validation/ model run 

1) G-G Gauge Gauge 

2) C-C C-band radar QPEs C-band radar QPEs 

3) N-N NEXRAD NEXRAD 

4) C-C-B C-band radar QPEs + CDFM C-band radar QPEs + CDFM 

5) N-N-B NEXRAD + CDFM NEXRAD + CDFM 

6) G-C-B Gauge C-band radar QPEs + CDFM 

7) G-N-B Gauge NEXRAD + CDFM 

 

The HEC-HMS model was calibrated against observed 15 min steam flow 

recorded at Islington (ID: 02HC033) flow gauge downstream. Two‐thirds of the number 

of selected events (12) were assigned for model calibration, and the remaining number of 

events (6) were used for validation purposes. A total of 240 parameters were chosen to be 

optimized via calibration of the HEC-HMS model (Zahmatkesh et al. 2020, unpublished 

manuscript). The Dynamically Dimensioned Search (DDS) optimization algorithm 

(Tolson and Shoemaker 2008) was used to determine optimal parameter sets for each 

calibration event by maximizing the Nash Sutcliffe Efficiency objective function (Samuel 

et al. 2011) within Optimization Software Toolkit (OSTRICH) (Matott 2016). An average 

value of the parameters resulting after calibration for each event was calculated and used 

as the calibrated parameter list. Finally, the performances of calibrated model parameters 

were verified using selected validation events. Model performances were evaluated based 

on standard model performance statistics during each calibration and validation scenarios, 

as mentioned above.  
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5.5.2.  Flood inundation mapping 

This part of the research involved setting up the HEC-RTS platform for the 

Mimico Creek watershed using both Radar QPEs and gauges to assess the benefit of 

radar-derived rainfall for flood forecasting. First, existing hydrological (HEC-HMS) and 

hydraulic (HEC-RAS) models were integrated into the HEC-RTS framework using the 

setup module in HEC-RTS. Hydrometeorological data were transferred from an 

ArcHydro geo-database time series to Hydrologic Engineering Center-Data Storage 

System (HEC-DSS) software and eventually to HEC-HMS as hydrometeorological 

inputs. HEC-RTS links HEC-HMS and HEC-RAS, and therefore each model is executed 

in a coordinated manner. Simulated streamflow from HEC-HMS hydrological model was 

inputted to HEC-RAS using DSS data exchange software to produce flood inundation 

maps. Finally, flood inundation depths and extent boundaries were generated through the 

RAS mapper component of HEC-RAS within the HEC-RTS framework. The HEC-RTS 

framework was used to produce flood inundation maps that correspond to the seven 

model run scenarios listed in Table 5-2 for 8th July 2013 flash flood event in Toronto. 

The probability of flooding for each cell on the inundation maps was calculated and, 

flood probability maps were prepared using ArcGIS. 

5.6.  Results and discussion 

5.6.1.  Bias-correction of Radar QPEs 

The correlation (r) improved for both WKR C-band and KBUF S-band Radar 

QPEs after applying radar-gauge merging (Table 5-3). The RMSE decreased for both 
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WKR C-band and KBUF S-band Radar QPEs after adjusting Radar QPEs to match gauge 

observations. Overall, the accuracy and reliability of both WKR C-band and KBUF S-

band Radar QPEs improved after applying the CDFM radar-gauge merging method. The 

random component of the error causes the existing mismatch (Wijayarathne et al. 2020b).  

Table 5-3 Evaluation results for Radar QPEs before and after radar-gauge merging. 

Radar QPE 
r RMSE (mm) 

Before After Before After 

WKR C-Band radar QPEs 0.21 0.65 5.25 0.83 

KBUF S-band radar QPEs 0.08 0.61 2.32 0.99 

 

A comparison of hydrological model performance statistics of the streamflow 

simulation at Islington hydrometric station using gauge measurements, Radar only QPEs, 

and merged Radar QPEs as precipitation input is presented in Figure 5-2 and 5-3. The 

statistics indicate that the radar-gauge merging has a considerable effect on the accuracy 

of simulated stream flows.  According to the previous literature, the uncertainty in the 

precipitation forcing is the most problematic in hydrological modeling (Her et al. 2019). 

Since the optimal model parameters in the existing HEC-HMS model were determined 

using gauge data during its calibration, the model performance statistics calculated 

between observed and simulated flow using the gauge as precipitation input (G-G) were 

used as the reference to perform evaluations.  

Figure 5-2 shows the average correlation (r), RMSE (m3s-1), BIAS (%), and MAE 

(m3s-1) between observed and simulated streamflow using gauges, Radar only QPEs, and 

merged Radar QPEs as precipitation input to the HEC-HMS model. The streamflow 

simulations using gauge data appeared to perform best with relatively higher prediction 

accuracy than Radar QPEs. The intrinsic errors associated with reflectivity measurement 
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and reflectivity– rain intensity conversions cause errors in Radar QPEs (Dai et al. 2018). 

Errors can be induced to the Radar estimated precipitation by radome wetting, beam 

filling, partial beam blocking, Radar miscalibration, vertical air motion, evaporation, 

advection, attenuation, ground Clutter, and variability of the drop size distribution 

(Wijayarathne et al. 2020a; Seo et al. 2015). These biases can propagate through the 

hydrological model leading to uncertainties in streamflow simulations (Fornasiero et al. 

2005). However, the model performance could be influenced by the gauge data as the 

model was calibrated using gauge data.  

Overall, the model performances were improved using merged Radar QPEs 

compared to Radar only QPEs for both WKR C-band and KBUF S-band Radar QPEs. 

The agreement between observed and simulated streamflow using WKR C-band Radar 

QPEs is relatively low compare to the KBUF S-band Radar QPEs, according to RMSE, 

MAE, and BIAS (Figure 5-2). However, the correlation is relatively higher for WKR C-

band Radar QPEs. Interestingly, the C-band Radar QPEs overestimated the streamflow 

both before and after radar-gauge merging while S-band QPEs underestimated the 

streamflow. In general, radar-only QPEs are known to underestimate precipitation, 

especially during heavy precipitation events (Smith et al. 2007; Duchon and Essenberg 

2001).  The significant ground clutter caused by highly developed infrastructure in the 

fully urbanized Mimico Creek watershed strongly contaminates and inflates the 

reflectivity values leading to higher Radar reflectivity values and consequently QPEs 

(Torres and Warde 2014). Since C-band Radar attenuates more than S-band Radar owing 

to its shorter wavelength, the WKR Radar is expected to underestimate precipitation, 
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especially in heavy rain events (Boodoo et al. 2015).  The Mimico Creek watershed is 

located much closer to the WKR Radar station (<40 km radius, Figure 5-1), and hence 

detects precipitation closest to the ground and hence the gauge location. Therefore, 

extensive radome attenuation could result in low rainfall estimates (Germann 1999). Even 

though path attenuation was addressed during the study, the attenuation correction could 

be dominated by the extensive ground clutter at WKR, leading to higher reflectivity 

values and subsequently overestimated stream flows. Also, the season of the year where 

the precipitation event was recorded can influence the Radar QPEs (Prat and Nelson 

2014). The bright band contamination could produce significantly high reflectivity values, 

causing overestimating QPEs especially during early spring and late fall. In contrast to the 

WKR Radar, the KBUF Radar detects precipitation over the study area at a distance of 

more than 100 km away from the Radar station. This distance results in rainfall detection 

at a higher elevation leading to underestimated precipitation (Young and Brunsell 2008). 
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Figure 5-2 Model performance for Radar QPEs before (G-C and G-N) and after (G-C-B 

and G-N-B) radar-gauge merging: (a) correlation coefficient-r, (b) root mean square 

error-RMSE, (c) percent bias-PBIAS, and (d) mean absolute error-MAE (Note: cms = 

m3s-1) 

 

Figure 5-3 presents the box plots of four model efficiency indices: NSE, KGE, 

VE, and MPFC. In comparison to radar-only QPEs (for both WKR C-band and KBUF S-

band), merged-radar QPEs provide reasonably accurate simulated streamflow for all 

rainfall events.  The intrinsic errors associated with Radar produce relatively poor Radar 

QPEs leading to less accurate streamflow simulations than with merged-radar QPEs. The 

medians of the performance indices for both WKR C-band and KBUF S-band Radar 

remained much closer to the medians of the reference gauge and sometimes even within 
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the interquartile range (IQR) after applying the bias correction. The first quartile, median, 

and third quartile of performance indices calculated for simulated streamflow using both 

WKR and KBUF Radar were the same as gauges after radar-gauge merging compared to 

the Radar only QPEs. Also, IQRs of performance indices were reduced after the bias 

correction of Radar QPEs, implying that radar-gauge merging helps enhance predicted 

streamflow accuracy.  

 

Figure 5-3 Box plots showing model performance criteria for Radar QPEs before (G-C 

and G-N) and after (G-C-B and G-N-B) radar-gauge merging: (a) Nash Sutcliffe 

Efficiency-NSE, (b) Kling-Gupta Efficiency-KGE, (c) Volume Error-VE, and (d) Modified 

Peak Flow Criterion-MPFC 
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5.6.2.  Model calibration and validation 

Figure 5-4 presents the average event-based model performance statistics for the 

streamflow simulation at the Islington flow station downstream of Mimico Creek 

watershed during the calibration period. The performance matrices calculated between 

observed and simulated flow using a model calibrated with gauge data (G-G) were used 

to reference Radar QPE performance evaluation. The calculated correlation values varied 

depending on the event and were relatively higher for all calibration scenarios that 

involved merged Radar QPEs (C-C-B:0.48-0.95; N-N-B:0.47-0.96) compared to 

scenarios with Radar only QPEs (C-C:0.03-0.96; N-N:0.25-0.98). Therefore, in 

comparison to models calibrated with Radar only QPEs for both WKR C-band and KBUF 

S-band, models calibrated with merged Radar QPEs provided reasonably accurate 

simulated stream flows. As shown in Figure 5-4, RMSE values also varied considerably 

between both different events and calibration scenarios. Similar to correlation, calibration 

scenarios involving merged Radar QPEs (C-C-B and N-N-B) showed better performances 

than scenarios with Radar only QPEs (C-C and N-N). The corresponding RMSE values 

were relatively low and nearly similar for models calibrated using merged Radar QPEs 

(4.39-33.82 m3s-1and 5.43-22.08 m3s-1 for C-C-B and N-N-B, respectively) than the 

models calibrated with Radar only QPEs (7.35-45.39 m3s-1and 7.96-33.51 m3s-1 for C-C 

and N-N, respectively). The MAE followed the same trend as RMSE with relatively 

lower values for calibration scenarios with merged Radar QPEs (C-C-B:3.13-22.78 m3s-1; 

N-N-B:3.93-22.06 m3s-1) and relatively raised errors for scenarios using Radar only QPEs 

(C-C:5.60-46.50 m3s-1; N-N:6.20-55.71 m3s-1). Consistent with the correlation, 
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hydrological models calibrated with bias-corrected Radar QPEs (C-C-B and N-N-B) 

performed better than models calibrated with Radar only QPEs (C-C and N-N) 

concerning error measurements. The average negative and positive bias percentages 

estimated for scenarios with Radar only QPEs were significantly reduced using the 

merged Radar QPEs for both WKR C-band and KBUF S-band Radar during calibration. 

Hydrological models calibrated with bias-corrected Radar QPEs produced results with 

relatively low bias values ( -40.27% - 141.36% and -62.82 % - 42.05 %  for C-C-B and 

N-N-B, respectively) compared to results from the models calibrated with radar-only 

QPEs (2.62-173.00 % and  -66.76-122.81 % for C-C and N-N, respectively; Figure 5-4). 

Calculated hydrological model performance indices, KGE, NSE, VE, and MPFC, also 

supported that radar-gauge merging improves the accuracy and reliability of Radar QPEs 

and subsequently calibration of hydrological models. The  KGE values were relatively 

better for models calibrated using merged Radar QPEs (C-C-B:-0.35-0.82; N-N-B:-0.26-

0.67) compared to models calibrated a with Radar only QPEs (C-C:-2.08-0.41; N-N:-

2.63-0.45). The NSE followed KRE with values range from -2.08-0.73, -1.32-0.66, -

22.30- 0.04, and -12.37-0.24 for C-C-B, N-N-B, C-C, and N-N, respectively revealing 

better performance for merged Radar QPEs. Reported volume errors also supported the 

notion that models calibrated with merged Radar QPEs perform better than models 

calibrated with Radar only QPEs with reported VE values of 0.03-0.76, 0.03-0.67, 0.04-

1.72, and 0.06-1.71 for C-C-B, N-N-B, C-C, and N-N, respectively. The MPFC values 

were better for calibrated models with bias-corrected Radar QPEs (C-C-B:0.26-0.72; N-



Ph.D. Thesis - Dayal Wijayarathne                                           McMaster University-Earth Science 

221 

 

N-B:0.04-0.69) compared to the models calibrated with Radar only QPEs (C-C:0.01-0.27; 

N-N:0 -0.64). 
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Figure 5-4 Average correlation (r), RMSE (m3s-1), BIAS (%), MAE (m3s-1), KGE, NSE, VE, and MPFC between observed and 

simulated streamflow at Islington flow station downstream of Mimico Creek watershed during calibration (Note: cms = m3s-1) 
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Figure 5-5 compares the box plots of observed and simulated streamflow at 

Islington flow station downstream of Mimico Creek watershed using gauge data, Radar 

only QPEs, and merged Radar QPEs for seven model run scenarios listed in Table 5-2 

during validation. The median and IQR of simulated flows using gauge data as the 

precipitation input to the hydrological model calibrated with gauge data (G-G) matched 

the observed flow relatively well compared to the Radar QPEs. On the contrary, 

hydrological models calibrated and validated with Radar only QPEs (C-C and N-N) 

showed the least match with the observed streamflow. The inherent errors associated with 

Radar QPEs during data acquisition and processing can cause errors leading to less 

accurate Radar QPEs and subsequently erroneous simulated stream flows. However, 

hydrological models calibrated and validated with KBUF S-band Radar only QPEs 

performed better than the models calibrated with WKR C-band Radar only QPEs. The 

anomalously high reflectivity values resulted from ground clutter, and bright band 

contamination during spring and fall might have resulted in overestimated QPEs leading 

to less accurate streamflow simulations. Even though the hydrological model calibrated 

with Radar only QPEs showed relatively low performances, the agreement between 

observed and simulated streamflow increased after applying radar-gauge merging. In 

comparison to Radar only QPEs scenarios (C-C and N-N), hydrological models calibrated 

with merged Radar QPEs (C-C-B and N-N-B) provided considerably accurate simulated 

streamflow for all events. Surprisingly, when hydrological models were calibrated with 

gauge data and then run with bias-corrected Radar QPEs (G-C-B and G-N-B), similar or 

better performance was observed than the models calibrated with merged Radar QPEs (C-
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C-B and N-N-B). The medians of simulated streamflow for both G-C-B and G-N-B 

calibration scenarios remained much closer to the medians of the observed and G-G and 

most of the time within the IQR of observed streamflow. The overall performance of 

model run scenarios varies from best performance to worst as G-G > G-C-B ≅ G-N-B > 

C-C-B ≅ N-N-B > C-C ≅ N-N.  

 
Figure 5-5 Box plots of observed and simulated streamflow for model run scenarios 

during validation 
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Figure 5-6 shows observed and simulated hydrographs for the seven model run 

scenarios (Table 5-2) using gauges, Radar only QPEs, and merged Radar QPEs as 

precipitation input to the HEC-HMS model validation events.  The simulated peak 

streamflow's magnitude and timing closely matched with models calibrated with merged 

Radar QPEs for both WKR C-band and KBUF S-band Radar QPEs compared to the 

models calibrated with Radar only QPEs. Similar to the previous results, hydrological 

models calibrated with gauge data and run with bias-corrected Radar QPEs (G-C-B and 

G-N-B) performed better than the models calibrated and run with merged Radar QPEs 

(C-C-B and N-N-B). The similarity of hydrographs from the HEC-HMS model runs using 

bias-corrected Radar QPEs are statistically demonstrated in Figure 5-7.  A comparison of 

hydrological model performance statistics calculated for seven calibration scenarios listed 

in Table 5-2 is shown in Figure 5-7. All four indices were significantly improved after the 

application of radar-gauge merging using the CDFM radar-gauge merging method. 

Similar to the previous results, G-C-B and G-N-B performed better than C-C-B and N-N-

B, implying that merged Radar QPEs can be successfully used to run hydrological models 

which were calibrated using gauge data for flood forecasting purposes. 
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Figure 5-6 Hydrographs of streamflow for model run scenarios during validation 

 

 

Figure 5-7 Hydrological model performance criteria for validation events: (a) Kling-

Gupta Efficiency-KGE, (b) Nash Sutcliffe Efficiency-NSE, (c) Volume Error-VE, and (d) 

Modified Peak Flow Criterion-MPFC 
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To further assess the effect of Radar QPEs on hydrological model simulations, 

Taylor diagrams were drawn using three statistical parameters (standard deviation, 

correlation coefficient, and centered root mean square error) calculated for the validation 

events (Figure 5-8). The simulated streamflow using gauge data as precipitation input to a 

model calibrated using gauge data (G-G) performed best as they are plotted closest to the 

black arc and the point “OBS”. The model run scenarios that involved bias-corrected 

Radar QPEs during calibration were plotted relatively closer to the black curve as well as 

the point “OBS”, revealing their better performances compared to the models calibrated 

with Radar only QPEs. Also, hydrological models calibrated with gauge data but 

validated with merged Radar QPEs (G-C-B and G-N-B) performed better, showing the 

ability to use bias-corrected Radar to run existing hydrological models for operational 

flood forecasting.  
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Figure 5-8 Taylor diagrams showing a statistical comparison between observed and 

simulated streamflow for all model run scenarios during validation [Note: Taylor diagram 

summarizes standard deviation, correlation coefficient, and centered root mean square error for each 

calibration scenario for validation events. Different colors denote different model run scenarios.  The best 

scenario plots itself closer to the black arc as well as the point ‘OBS’ (observed flow)] 

 

5.6.3.  Flood inundation mapping 

Figure 5-9 shows the flood extent maps produced using HEC-HMS and HEC-

RAS models within the HEC-RTS framework for the 8th July 2013 Toronto flood. 

Precipitation input from gauges, Radar only QPEs, and merged Radar QPEs along with 

calibrated model parameters from the seven calibration scenarios were used to generate 

flood inundation maps. Flood extent maps corresponding to a selected part of the 

downstream part of the watershed are shown in Figure 5-9. The flood extent was mapped 

using peak flows recorded at each junction of the Mimico Creek. The flood extent using 

gauge data as precipitation input to HEC-RTS was considered as the reference. The area 

under inundation determined using the bias-corrected Radar QPEs (G-C-B and G-N-B) 
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agreed well with the flood extent using gauge data compared to the Radar only QPEs (C-

C and N-N; Figure 5-9). For example, a relatively large submerged area in Figure 5-9 (C) 

that resulted from Radar only C-band QPEs reflects the overestimation of precipitation 

due to excessive ground clutter. The extent of the flood-prone area generated by RAS 

Mapper using the outflow from the hydrological models calibrated with gauge data but 

ran with merged Radar QPEs (G-C-B and G-N-B) performed better, revealing the ability 

to use bias-corrected Radar to run existing hydrological models for operational flood 

forecasting.  
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Figure 5-9 Simulated flood inundation corresponding to the model run scenarios using 

the HEC-RTS framework 
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5.7.  Conclusions  

This research integrates the HEC-HMS hydrological model and HEC-RAS 

hydraulic model into the HEC-RTS framework to assess the potential of Radar QPEs for 

flood forecasting. It is shown that radar-gauge merging enhances the accuracy and 

reliability of both Canadian WKR C-band and US NEXRAD KBUF S-band dual-

polarized Radar QPEs and, subsequently, the streamflow simulations' accuracy. Bias-

corrected Radar QPEs improved all hydrological model performance indices when 

compared to radar-only QPEs during model recalibration. This indicates that the radar-

gauge merging can enhance the hydrological models' calibration. Therefore, Radar QPEs 

can be used as precipitation input to hydrometeorological models for the areas where 

precipitation gauges are sparse. As Radar provides real-time spatially distributed 

precipitation information, it can be used as precipitation input for hydrological and 

hydraulic models for flood forecasting purposes in small urban watersheds where 

response time is only a few hours. Furthermore, it is found that bias-corrected Radar 

QPEs can be effectively used to run hydrological models initially calibrated using gauge 

data. The majority of the Canadian flood forecasting agencies use hydrological models 

calibrated and validated using gauge data (Zahmatkesh et al. 2019). However, due to lack 

of long-term Radar data archives, and the high cost and the time required to recalibrate 

existing models, updating the existing hydrological models using bias-corrected Radar 

QPEs is recommended to simulate streamflow input to hydraulic models to produce flood 

inundation maps. Furthermore, the HEC-RTS framework can be used to produce flood 

extent maps using bias-corrected Radar QPEs for future storm events. These maps could 
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be used to make appropriate decisions and take immediate actions to reduce human and 

economic losses. However, simulated flood depths must be validated with the high 

watermark in the regional flood level maps before operational use. In the future, the HEC-

RTS framework could be upgraded to an automated Flood Early Warning Systems 

(FEWS) using methods available in HEC-RTS  to retrieve, compute, view, and manage 

real-time Canadian and NEXRAD Radar precipitation data to issue real-time flood 

forecasts for operational use. 
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Chapter 6. Conclusions and Recommendations 

6.1.  Conclusions 

The main research objective was to select, evaluate, and apply Radar QPEs as a 

precipitation input for hydrological models for operational flood forecasting in urban and 

semi-urban watersheds in Canada. The study areas in this research covers the Humber 

River (semi-urban), Don River (urban), and Mimico Creek (urban) watersheds situated in 

the GTA, Ontario. The findings of this research will benefit future applications of real-

time Radar QPEs in FEWS. The primary outcomes of the four thesis chapters are 

summarized as follows: 

6.1.1.  Use of weather Radar for operational hydrology in Canada 

• This chapter reviews the literature on applications of weather Radars in Canadian 

hydrology. This provides an overview of Canadian weather Radar networks, 

different Radar only QPEs, Radar assimilated QPEs, hydrological applications, 

challenges, recommendations, and potential future research. 

• C-band, S-band, and X-band Radar collected using both ground-based and 

portable Radar mounted on aircraft were used to determine the precipitation type,  

features, structure, and moisture transport,  to predict weather and snow depth, to 

issue operational weather warnings, and to validate atmospheric models. 

• Multi-radar QPEs such as CaPA, NMQ, and MRMS are produced by merging 

Radar QPEs with the ground observations, forecasts from the weather prediction 

models, and satellite observations. 
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• The main challenges identified are the intrinsic errors in Radar measurements, 

variability in Z-R relationship, inadequate gauge network, the ongoing 

development of the Radar infrastructure, existing C-band Radar network, and the 

complex geography. 

• Potential future research includes identification of prospective Radar QPEs, 

evaluation of existing Radar QPEs, assessing radar-gauge merging techniques, 

and developing a method to integrate real-time Radar QPEs in FEWS.  

6.1.2.  Evaluation of Radar QPEs 

• This study evaluates seven Canadian WKR C-band dual-polarized Radar QPEs 

and two US KBUF NEXRAD S-band Radar QPEs over two watersheds in the 

GTA of Ontario, Canada, to verify the reliability and accuracy as an additional 

precipitation data source for hydrological model calibration. 

• Both WKR C-band and NEXRAD S-band Radar QPEs can be effectively used as 

supplementary precipitation data sources for hydrological model calibration in the 

Humber River (semi-urban) and Don River (urban) watersheds.  

• NEXRAD Level III (DPA) performs best, followed by WKR multi-parameter in 

estimating the rain rate using KDP and ZDR.  

• High percent detection and temporal resolution and long-term data archive of 

WKR Radar QPEs enable continuous time series of precipitation data that 

facilitate hydrological model calibration.  
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• Both WKR and NEXRAD Radar can be used as a gridded precipitation input to 

semi-distributed and distributed hydrological models where the basins are 

typically discretized into sub-catchments, HRUs.  

6.1.3.  Verification of radar-gauge merging techniques 

• This research evaluates radar-gauge merging techniques, the impact of the type of 

Radar QPEs on the performance, relative strength of techniques at different rain 

intensities, and different rainfall events in the Humber River (semi-urban) and 

Don River (urban) watersheds in GTA, Canada.   

• Both WKR C-band and NEXRAD S-band Radar QPEs are improved; however, 

the accuracy is influenced by the type and quality of raw radar QPEs, distance 

from the radar station, and the rainfall intensity. 

• All radar-gauge merging methods outplayed Radar only QPEs with the best 

performance from the CDFM method followed by the KRE.  

• The NEXRAD Level III (DPA) is most improved among four Radar QPEs.  

• Since the KRE method uses optimal interpolation to merge gauge and Radar 

QPES, it can facilitate hydrological model calibration by providing a continuous 

precipitation time series. 

• As the RDA method considers distance from the Radar tower to the gauge stations 

during the merging process, it is recommended if there is a considerable 

difference in the distance between the Radar and gauge stations. 
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• If the computational demand is a limiting factor, a relatively simple MFB method 

is recommended.  

• Random errors mostly cause the remaining differences between merged Radar 

QPEs and reference gauge observations.  

• The accuracy of raw Radar products influences the performance of radar-gauge 

merging methods and, eventually, the accuracy of merged Radar QPEs. 

• All methods performed relatively well for low-intensity precipitation. However, 

performances are decreased with increasing intensities. 

• CDFM and KRE perform best for individual events, followed by MBSA with 

better performance in the summer.  

6.1.4.  Integration of Radar QPEs into HEC-RTS Framework  

• This study evaluates the use of Radar QPEs for flood foresting by integrating the 

HEC-HMS hydrological model and HEC-RAS hydraulic models into the HEC-

RTS model framework. 

• Both accuracy and reliability of Canadian WKR C-band and NEXRAD KBUF S-

band dual-polarized Radar QPEs are improved by the radar-gauge merging, and 

therefore, the accuracy of streamflow simulation is also enhanced.   

• Gauge-calibrated hydrological models can be run effectively using the bias-

corrected Radar QPEs. 

• Flood extent maps for future storm events could be produced using the HEC-RTS 

framework with the bias-corrected Radar QPEs, and these maps could be 
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effectively used for decision making and for taking immediate actions to reduce 

human and economic losses. 

6.1.5.  General conclusion and contributions from the thesis 

The general conclusions from the thesis are summarized as follows: 

• Weather Radar is an essential source of precipitation information that provides 

real-time, spatially distributed data for the hydrological and hydraulic models for 

flood forecasting and is especially useful for small, urban watersheds with short 

response times. 

• NEXRAD S-band Radar QPEs can be used as precipitation source in Canadian 

watersheds located within the Radar range. 

• Radar-gauge merging improved both WKR and NEXRAD Radar QPEs; however,    

radar-gauge merging is greatly influenced by the type and quality of raw radar 

QPEs, distance from the radar station, and the rainfall intensity. 

• The Canadian flood forecasting agencies commonly use hydrological models that 

are both calibrated and validated using gauge data. Therefore, running the existing 

hydrological models using bias-corrected Radar QPEs is recommended for 

streamflow simulation to produce flood extent maps. 

• Floods could be successfully predicted with a framework built through integrated 

hydrological and hydraulic models using bias-corrected Radar QPEs. 
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6.2.  Future works and Recommendations 

The research work presented in this thesis is an initial step in the process of 

developing a robust method to incorporate real-time Radar QPEs in the Canadian 

Adaptive Flood Forecasting and Early Warning System (CAFFEWS) (Floodnet—NSERC 

Network—Enhanced flood forecasting and management capacity in Canada, 2020). 

Therefore, great efforts are still needed to achieve this goal. Relatively small and 

impervious urban watersheds respond to rainfall relatively fast and, therefore, is sensitive 

to the temporal and spatial resolution of precipitation (Ochoa-Rodriguez et al., 2019; 

Villarini et al., 2008).  Hence, following up on Chapter 3 of this thesis, the evaluation of 

Radar QPEs should be extended to evaluate Radar QPEs with spatial‐temporal resolutions 

of the order of 1 km and 1‐5 min whenever data is available. Another QPE of 

considerable interest and requiring ongoing evaluation is multi Radar, multi-sensor 

precipitation (e.g., NMQ, and MRMS)   with a spatial and temporal resolution of 1 km 

and 2 min across Southern Canada and 2 km resolution CaPA (Fortin et al., 2015; Nasab, 

2017). Methods to access and evaluate multi Radar, multi-sensor precipitation on selected 

watersheds are anticipated. The evaluation has yet to be performed in diverse watersheds 

in terms of size, physiography, and hydrology. For example, it would be more beneficial 

to use Radar QPEs in large rural watersheds vulnerable to flooding with sparse rain gauge 

density (Unduche et al., 2018). Moreover, the existing ECCC C-band Radar is being 

upgraded to dual-polarized S-band Radar, starting with Radisson, SK. As of October 

2020, fourteen C-band Radar stations have been replaced since February 28, 2017. Future 
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research should evaluate newly deployed S-band polarimetric Radars for precipitation 

estimates and, subsequently, hydrological modeling.  

Another topic of considerable interest would be to test radar-gauge merging using 

radar‐rain gauge integration methods (Ochoa-Rodriguez et al., 2019). In addition to the 

methods discussed in Chapter 4, the Bayesian (BAY) data merging method that integrates 

gauge and Radar data to minimize the overall estimation uncertainty using a Kalman filter 

and weighted average of Radar and gauge values could be assessed (Todini, 2001). It is 

necessary to search for methods to minimize computational cost since radar‐rain gauge 

integration methods are computationally demanding. Similarly, Radar QPEs could be 

assimilated and blended with other precipitation sources to improve the accuracy of 

forecasts using Bayesian ensemble flood forecasting with a multi-model approach (Awol 

et al., 2019; Han & Coulibaly, 2019). 

Finally, an automated flood forecasting framework with a robust method to 

retrieve, compute, view, and manage real-time Canadian and NEXRAD Radar 

precipitation data could be implemented. The methods available in HEC-RTS to retrieve, 

compute, view, and manage real-time Canadian and NEXRAD Radar precipitation data, 

and could be used to upgrade the HEC-RTS framework into an automated FEWS to issue 

real-time flood forecasts for operational applications in the future. Freely available 

windows based “Getrealtime” software could be used for retrieval, computation, viewing, 

and managing real-time NOAA and Canadian Radar for continuous flood monitoring 

(GetMyRealtime water data, 2019). Moreover, the “GetNexrad” tool, which computes the 

basin area average rainfall time series in real-time, could possibly be used to view and 
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download real-time NEXRAD Radar rainfall (GetNexrad Radar, 2017). NEXRAD Radar 

data can easily be preprocessed using a freely available, prebuilt NOAA tool kit (NOAA’s 

Weather and Climate Toolkit (Viewer and Data Exporter), 2020). Real-time hydrological 

modeling has been dramatically improved in recent years with the development of the 

NEXRAD Radar system and linkage of NEXRAD with the GIS system (Yerramilli, 

2012; Zhang et al., 2012). GIS provides a platform for the automated processing of the 

NEXRAD and allows for rapid data display (Xie et al., 2005). Also, NEXRAD Validation 

and Calibration software (NEXRAD-VC), which is freely available, would be an 

excellent tool to preprocess NXERAD data (Zhang & Srinivasan, 2010). NEXRAD-VC is 

developed as an extension of ArcGIS to facilitate spatial precipitation estimates and 

provides a user-friendly GIS tool for batch processing of NEXRAD data. Therefore, 

further research is needed to develop a robust system that provides real-time Radar QPEs 

for flood forecasting to mitigate flood hazards in Canada. 
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Appendix A: Identification of Hydrological Models for Operational 

Flood Forecasting in St. John’s, Newfoundland, Canada 

Summary of Paper 5: Wijayarathne, D.B., and Coulibaly, P. (2019). Identification of 

hydrological models for operational flood forecasting in St. John’s, Newfoundland. 

Journal of Hydrology: Regional Studies, 27, 100646. 

https://doi.org/10.1016/j.ejrh.2019.100646. 

St. John's is the capital city of NL and has had the most reported floods over the 

past five decades among 98 communities in NL. Due to the increasing population over 

the last decades, flood damage has become a rising problem. From 1962 to 2011, more 

than 267 communities in Newfoundland were affected by flooding, causing average 

annual damage of about $8 to $22 million. Even though St John’s is the most vulnerable 

to flooding in the NL province, a proper tool to forecast floods in advance is currently not 

available. Therefore, further studies must be conducted to propose a suitable operational 

flood forecasting method in St. John’s, Newfoundland. 

In this study, five hydrological models in varying complexity (lumped, semi-

distributed, and fully-distributed) were first set-up, calibrated, and validated using 

historical data to identify the best model(s) for operational flood forecasting at Waterford 

River watershed in St. John’s, Newfoundland. Then, deterministic forecasts were 

performed to verify the potential of the selected hydrological models for operational use.  

Key findings of this research include: 

• All five models were satisfactory in simulating streamflow. 
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• The SAC-SMA and GR4J models equally outperformed the other three models for 

all low, medium, and peak flows. 

• The SAC-SMA and GR4J models performed better for peak flows, followed by 

HEC-HMS. 

• The SAC-SMA and GR4J models performed well for up to 1–3 days ahead 

forecasts.  

• Ensemble forecasting using continuous, multiple hydrological models is 

recommended.  

A.1. Abstract 

Study region: Waterford River watershed, St. John’s, Newfoundland and Labrador (NL), 

Canada. 

Study focus: This study investigates five hydrological models to identify adequate 

model(s) for operational flood forecasting at Waterford River watershed. These models 

included three lumped conceptual models (SAC-SMA: Sacramento Soil Moisture 

Accounting, GR4J: modèle du Génie Rural à 4 paramètres Journalier, and MAC-HBV: 

McMaster University Hydrologiska Byråns Vattenbalansavdelning), a semi-distributed 

model (HEC-HMS: Hydrologic Engineering Center’s Hydrologic Modeling System) and 

a fully distributed physically-based model (WATFLOOD: University of Waterloo Flood 

Forecasting System). The best model(s) were chosen by comparison of performance 

criteria. To verify the potential of the best performing hydrological models for operational 

use, deterministic hydrologic forecasts were performed.  
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New Hydrological Insights for the Region: All five models are capable of simulating 

streamflow reasonably well in both calibration and validation periods. The SAC-SMA 

and GR4J models perform equally well and perform better than the other three models for 

all low, medium, and peak flows. The SAC-SMA and GR4J models generally perform 

better for peak flows, followed by HEC-HMS. Streamflow forecast experiment using 

deterministic weather prediction shows that SAC-SMA, GR4J, and HEC-HMS models 

perform well for up to 1 to 3 days ahead forecasts and are recommended for operational 

use. However, due to the good performance of all five models, an ensemble forecasting 

using continuous, multiple hydrological models is also recommended.   

Keywords: Waterford River watershed, flood forecasting, hydrological models, 

deterministic forecast 

A.2. Introduction 

Floods are one of the deadliest disasters in the world and the most common and 

frequent natural hazard to life, property, the economy, and the environment in Canada. 

Flood mitigation measures and an enhanced flood forecasting system are critical parts of 

flood management. An accurate flood forecasting system can deliver precise and reliable 

forecasts with appropriate lead time.  Hydrological modeling is being used to forecast 

river flows for years, and a well-developed flood forecasting system can deliver precise 

and reliable forecasts with appropriate lead time (Nagai, 2003; Reed et al., 2007; 

Unduche et al., 2018).   
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Flood damage has become a growing problem in Newfoundland and Labrador 

(NL), Canada, due to the increasing population density close to water bodies over the last 

decades (Sheppard, 2018).  The results of the “Flood Risk and Vulnerability Analysis 

Project” completed on June 13, 2012, have emphasized the need for a robust method to 

forecast floods to minimize future flood damage and related expenses in Newfoundland 

(Innes and Nimmrichter, 2012). According to the report, more than 267 communities in 

Newfoundland had been affected by flooding in the last decades, causing significant 

economic loss and infrastructure damages. The average annual damage caused by flood-

related impacts is estimated to be about $8 to $22 million over the period 1962-2011.  

The cost of estimated damages may be even higher as some of the floods were recorded 

with no information on the estimated cost of damages.  

St. John's is the capital and the largest city of NL and is located on the Avalon 

Peninsula, the east side of the island of Newfoundland. According to Innes and 

Nimmrichter (2012), St. John’s has had the most reported floods (73 out of 650) over the 

period 1950 to 2011 among 98 communities in NL. The same study has identified and 

ranked communities in Newfoundland according to their exposure to the physical 

hazards, vulnerability to direct impacts of flooding, and indirect flooding impacts and 

isolation over the last decade (2000 – 2011). It was found that St John’s is the most 

vulnerable to flooding, and therefore further study and funding had been recommended. 

Several hydrological modeling studies have been conducted in the Waterford 

River watershed in St. John’s for different purposes. A series of studies on water quality 

and quantity in the Waterford River watershed was conducted by the Canadian 
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Government and Province of NL over the period from 1980 to 1985. After the five-year-

long project, the “Urban Hydrology Study of the Waterford River Basin: Flood Study 

(UHS-WRB)” was published in 1988 (Smith, 1988). The study mainly focused on the 

effects of urbanization between 1973 and 1981 on peak flows. An event-based, simple, 

and single hydrological model “HYdrologic Model” (HYMO) was implemented to 

simulate the 1:20 and 1:100 Annual Exceedance Probability (AEP) flows. After that, a 

hydraulic model was developed using three sections of the Waterford river channel and 

was fed with the flows simulated by the hydrological model to indicate the change in the 

storm runoff as a result of future urbanization. Following the study, it was concluded that 

urbanization has increased flows; however, change in the volume of direct runoff is not 

significant. A study entitled “Simulation of the effects of urbanization on basin 

streamflow” was conducted as a part of the aforementioned comprehensive investigations 

of the effect of urbanization on peak-flows (Ng and Marsalek, 1989). Continuous 

simulation of streamflow was performed utilizing the “Hydrological Simulation 

Program—Fortran” (HSPF) model to evaluate the effects of future urban development on 

annual streamflow and peak flows. According to the simulation results, streamflow 

volumes are not affected much, but flow peaks and the incidence of flooding has 

increased significantly.  In 1988, the “Waterford River Area- Hydrotechnical Study” was 

completed as a joint effort between the Water Resources Division of the Department of 

Environment and Lands and Fenco Newfoundland Ltd (Gray, 1988). Several flood risk 

maps were developed using flows simulated from “Quality/Quantity Simulation Model” 

(QUALHYMO) and “Hydrologic Engineering Center” (HEC-2) models. In 1998, the 
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Water Resources Management Division (WRMD) of the Department of Environment and 

Labor conducted a study entitled “Updated Flood Extents for the Waterford River” as an 

update for the Fenco Newfoundland study in 1988. The 1:20 and 1:100 AEP flood flows 

from the 1988 study were re-examined along with annual instantaneous peak flow up to 

1996. Existing flood risk maps were updated using a hydraulic model “Hydrologic 

Engineering Center River Analysis System” (HEC-RAS). The most recent update of 

flood risk maps was conducted in 2015 under the study entitled “Waterford River Area 

Flood Risk Mapping Study” by CBCL Ltd with the collaboration of the WRMD of the 

Department of Municipal Affairs and Environment (Sheppard, 2018). The objective of 

this study was to update flood risk maps to accurately predict the long-term effect of 

climate change in St. John’s area. Coupled hydrologic-hydraulic models “Hydrologic 

Engineering Center’s Hydrologic Modeling System” (HEC-HMS) and HEC-RAS were 

used in the study. A comprehensive set of flood risk maps had been produced to predict 

the long-term effect of climate change on floods in St. John’s area. Moreover, the study 

emphasizes the need to implement a flood forecasting system that can allow local 

authorities to receive flood warnings to respond promptly in the event of a potential flood. 

Limited studies have been conducted on hydrological modeling in the Waterford 

River watershed in St. John’s, and the models used in these studies are relatively simple. 

Most of these studies were mainly focused on investigating the effects of urbanization on 

peak flows and streamflow volumes. The rest of the studies were focused on developing 

flood risk maps rather than operational flood forecasting. These studies have used 

hydrological modeling approaches to develop flood maps, and these maps had been used 
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for decision-making purposes. However, none of these studies have investigated 

developing hydrological models that can be used in operational flood forecasting. This 

study has evaluated the use of five hydrological models in varying complexity (lumped, 

semi-distributed, and fully-distributed) to propose a suitable method for operational flood 

forecasting in St. John’s, Newfoundland. 

A.3. Study Area 

The study was conducted in the Waterford River watershed in St. John’s, NL 

(Figure A-1). The Waterford river starts at the eastern part of the rapidly growing town of 

Paradise and is originated from Bremigan’s Pond and Nevilles Pond. The river takes a 

meandering course through the City of Mount Pearl and into the City of St. John’s. In St. 

John’s, the river flows through the Waterford Valley before it discharges into the western 

end of St. John’s Harbor. It flows approximately 15 km from the origin before it meets 

the Atlantic Ocean at the western part of St. John’s Harbor.  The river has a drainage 

basin area of about 70 km2 that covers St. John’s Harbor and three municipalities: The 

City of St. John’s, the City of Mount Pearl, and the Town of Paradise (Figure A-1). The 

only hydrometric station located along the river reach is “Waterford River at Kilbride” 

(Station ID 02ZM008) and is operated as a collaborative effort of Water Survey of 

Canada and WRMD, NL.   



Ph.D. Thesis - Dayal Wijayarathne                                           McMaster University-Earth Science 

265 

 

 

 

Figure A-1 Location map of the Waterford River watershed 

The watershed is semi-urban and provides a home for about 108,860 individuals 

at the time of the 2016 census (“Statistics - Newfoundland & Labrador Statistics 

Agency,” n.d.). Land uses and features of the study area include urban areas, forest, water 

bodies, wetlands, barren lands, deforested areas, and open areas (Figure A-2a, Natural 

Resources Canada, 2009). The urban areas encompass residential, commercial, and 

industrial areas and transportation corridors. The surface elevation in the watershed 

ranges from 1 to 262 m above sea level (Figure A-2b). The soil is coarse to moderately 

coarse-textured, stony, acid to extremely acid, and low natural fertility soil (Heringa, 
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1981). This soil is developed from the materials derived from the underlying coarse-

textured Precambrian sedimentary rocks (Batterson, 1984). These soils are characterized 

as rapid surface drainage. The whole area was glaciated, and as a result, most of the area 

is underlain by a till (Heringa, 1981). The till deposit lies beneath the surface and contains 

pockets of clay with low permeability. Therefore, this till deposit acts as an aquitard 

allowing the accumulation of standing water, which contributes to the surface runoff. A 

combination of impervious urban areas, impervious till, and poorly drained soils cause 

poor internal drainage and eventually results in a highly flood-prone area. 

 
Figure A-2 Land use (a) (Natural Resources Canada, 2009) and topography (b) of 

Waterford River watershed.  

The average daily temperature of the area is 4°C (Environment Canada, 2017). 

The average annual precipitation is 1416 mm on the average over 296 days in the year 

(Environment Canada, 2017).  The minimum and maximum instantaneous flows recorded 

at “Waterford River at Kilbride” were 0.3 and 45.2 m3s-1 (Environment Climate Change 
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Canada, 2017). High-intensity rainfall events are frequent throughout the year (Innes and 

Nimmrichter, 2012). The leading cause of flooding in the area is recognized as rainfall 

followed by events related to coastal processes such as storm surge and waves (Innes and 

Nimmrichter, 2012). 

A.4. Data and Methods 

A.4.1. Hydrometeorological and hydrometric data 

Daily climate data recorded at four Environment Canada (EC) weather stations 

were downloaded from the EC website from 2006 - 2015 (Table A-1). This period 

contained the least amount of missing values, both in precipitation and temperature. 

Missing values in precipitation data were infilled using Canadian Precipitation Analysis 

(CaPA) data. There is a long-term flow gauge named “Waterford River at Kilbride” 

located downstream of the confluence of South Brook and Waterford river (Figure A-1). 

This station is operated by the Water Survey of Canada and in operation since 1974.  A 

complete time series of flow data is available on both EC’s and WRMD’s websites.  

WRMD is using data from this Gauge station in hydrological modeling. Daily streamflow 

data were collected from the HYDAT database and narrowed to a 10-year time series 

spanning from 2006 to 2015 to be consistent with available climate data.  
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Table A-1 Details of hydrometeorological and hydrometric stations. 

Station Name ID 
Operated 

by 
Latitude (N) Longitude (W) 

Elevation 

(m) 

Type of 

Data 
Years of operation 

Hydrometric station 

Waterford River 

at Kilbride 

02ZM008 WSC 47°31’44” 52°44’42” 33 Daily 1974-2018 

Hydrometeorological stations 

St. John’s West 

Climate 

8403603 EC 47°30’48” 52°47’00” 110 Daily 2010-2019 

St. John’s A 8403506 EC 47°37’20” 52°44’34” 140.5 Daily 1942-2012 

St. john’s Intl A 8403505 EC 47°37’07” 52°45’09” 140.5 Daily 2012-2019 

St. John’s West 

CDA CS 

8403605 EC 47°30’56” 52°47’05” 114 Daily 1996-2007 
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A.4.2. Hydrological models 

Five hydrological models with complexity ranging from simple lumped models to 

a fully- distributed were chosen for the investigation to identify adequate model(s) for 

operational flood forecasting in the Waterford River watershed in St. John’s, NL. These 

models include, modèle du Génie Rural à 4 paramètres Journalier (GR4J), McMaster 

University Hydrologiska Byråns Vattenbalansavdelning (MAC-HBV), Sacramento Soil 

Moisture Accounting (SAC-SMA), Hydrologic Engineering Center’s Hydrologic 

Modeling System (HEC-HMS), and University of Waterloo Flood Forecasting System 

(WATFLOOD). These hydrological models were implemented, calibrated, and validated 

to simulate the flow at Waterford River at Kilbride hydrometric station. 

A.4.2.1. GR4J model 

GR4J is a simple conceptual hydrological model that runs with four parameters 

(Perrin et al., 2003). Inputs to the original model include precipitation, evapotranspiration, 

and the optimized set of parameters. In this study, the model was modified to include the 

two components: a simplified “Thornwaite” formula to account for daily potential 

evapotranspiration using temperature and a degree-day snow routine to determine Snow 

Water Equivalent (SWE) following Samuel et al. (2011). Therefore, the temperature time 

series was inputted instead of the calculated evapotranspiration. Hence, the final modified 

model includes nine parameters that are listed in Table B-1 in the Appendix. The range of 

each of these parameters listed in Table B-1 was obtained from the previous literature 

based on the land use, soil, climate, morphology, and vegetation in the watershed. For a 
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detailed description of the GR4J model, the interested readers may refer to the journal 

article by Perrin et al. (2003). 

A.4.2.2. MAC-HBV 

MAC-HBV model is a lumped conceptual rainfall-runoff model which had been 

extensively used in hydrological studies (Leach et al., 2018; Razavi and Coulibaly, 2017; 

Samuel et al., 2011). It is a modified version of the original HBV model (Bergström, 

1976) to provide a better performance, especially flow estimation at ungauged sites in 

Canada (Samuel et al., 2011, 2012). There are 15 parameters in MAC-HBV and 

incorporates a degree-day snow routine, a soil moisture routine, a nonlinear response 

function, and a routing routine. Parameters and their ranges obtained from the literature 

for the MAC-HBV model are listed in Table B-2 in the Appendix. Further details of the 

MAC-HBV model are presented in Samuel et al. (2011, 2012). 

A.4.2.3. SAC-SMA 

SAC-SMA is a conceptual watershed model that is widely used by the National 

Weather Services, USA, in operational flood forecasting since its development by 

Burnash et al. in 1973. There are 19 input parameters within the model. Those parameters 

and their ranges gathered from literature are listed in Table B-3 in the Appendix. Water 

accumulation in the catchment is represented using five storages; two upper zones 

(tension and free water storages) and three lower zones (tension water storage, and 

primary and supplementary free water storages) (Koren et al., 2004; Samuel et al., 2014). 

SWE was determined using the degree day snow routine (Samuel et al., 2014). The same 
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evapotranspiration calculation method used in MAC-HBV is applied in SAC-SMA to 

account for daily potential evapotranspiration. A detailed description of SAC-SMA is 

available in Burnash et al. (1973). 

A.4.2.4. HEC-HMS 

HEC-HMS is a hydrological model developed by the Hydrologic Engineering 

Center of the US Army Corps of Engineers. It is designed to simulate complete 

hydrological processes in a dendritic watershed in both space and time (US Army Corps 

of Engineers, 2016). HEC-HMS comprises six different in-built algorithms to represent 

different components in runoff generation; meteorological, rainfall loss, direct runoff, 

river routing, base flow, and reservoir (Cunderlik and Simonovic, 2004). Further details 

of the HEC-HMS model can be found in the HEC-HMS user manual (US Army Corps of 

Engineers, 2016). Twenty-three sub-basins were delineated using Light Detection and 

Ranging (LiDAR) and used in the semi-distributed HEC-HMS model. Inputs to the HEC-

HMS model include precipitation, temperature, the monthly average of 

evapotranspiration, and calibrated parameters. The simplified ‘Thornwaite’ formula was 

used to calculate daily potential evapotranspiration using temperature. The calibrated 

parameters in the existing model were used in this study to simulate flows, as suggested 

by Chu and Steinman in 2009. Parameters of the HEC-HMS model and range of them 

extracted from previous literature are listed in the Appendix in Table B-4. Since 

calibrated parameters of the existing HEC-HMS model were gathered from WRMD, 

parameter ranges are not mentioned in the table.  
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A.4.2.5. WATFLOOD 

WATFLOOD is a physically-based distributed hydrological model that has been 

extensively used in flood forecasting since its first introduction in 1973 (Kouwen, 1973). 

The model subdivides the watershed into Group Response Units (GRUs), assuming 

surface areas with similar land use to have similar hydrological responses (Kouwen et al., 

1993). The runoff response from each GRU was calculated considering processes such as 

interception, evaporation, infiltration, interflow, recharge, baseflow, overland and channel 

routing, snow accumulation, and ablation (Kouwen, 2016). Ten river and basin 

parameters, 11 surface hydrological parameters, and 14 snowmelt parameters for each 

GRU were used in WATFLOOD. Parameter ranges for each of the land cover classes 

were gathered from the previous literature and used during the calibration. Since the 

number of parameters is relatively large, only optimized parameters and parameter ranges 

for forest land cover class were listed in table B-5 in the Appendix.  It uses Green Kenue, 

a GIS-based data processing, and visualization tool, as the graphical user interface for 

data pre and post-processing. Further details on WATFLOOD are included in Kouwen 

(1973). 

A.4.3. Model calibration and validation 

Selected models were calibrated against observed daily streamflow time series for 

seven years over the period 2006-01-01 to 2012-12-31. Models were validated against 

data for three years over the period 2013-01-01 to 2015-12-31 for model comparison. 

Data recorded in the first year (2006) were used for model warm-up. Dynamically 
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Dimensioned Search (DDS; Tolson and Shoemaker, 2008) optimization algorithm was 

used to determine optimal parameter sets for all models. The optimal parameter sets were 

found by maximizing Nash Sutcliffe Efficiency (NSE, Eq A-1) objective functions that 

address mean, low, and high flows at the same time (Samuel et al., 2011).  Optimization 

Software Toolkit (OSTRICH) was used to automate the processes of model calibration. 

OSTRICH is a model-independent, Windows-based program that is designed to perform 

optimization without the need for any other additional software (Matott, 2016).  

OSTRICH currently supports 36 optimization and calibration algorithms; 7 Deterministic 

(Local Search), 13 Heuristic (Global Search), 3 Multi-Objective Optimization and Multi-

Criteria Calibration, 1 Hybrid (Heuristic + Deterministic), and 4 Sampling Algorithms 

(Uncertainty-based Optimization). 

Even though sub-daily precipitation is preferred for model calibration and 

validation, especially for flood forecasting, daily precipitation data were used in this study 

due to several reasons. Data limitation is a challenge in this regional context. Only daily 

precipitation data is publicly available from EC for the study period of 2006 to 2015. The 

flood management authority for this watershed (WRMD) had been using daily data for 

long term hydrological studies. The attempt to derive high temporal resolution 

precipitation from observed daily precipitation using numerous approaches proposed in 

the literature (Güntner et al., 2001; Olsson, 1995) was not possible because there was no 

hourly precipitation data to validate the disaggregated precipitation directly. Since 

disaggregation can introduce more errors, the original daily data were used for model 

calibration and validation. After considering climate, basin morphology, drainage pattern, 
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and historical flood records, Gray (1988) suggested that the flood is resulted in the 

Waterford River watershed by synoptic rainfall events with durations of about two days. 

Therefore, daily streamflow simulations generated by the hydrological models could 

adequately capture peak flows at the Waterford River at Kilbride hydrometric station. 

However, it is noteworthy that daily peak flow can be different from hourly peak flow. 

The proposed hydrological models will need to be re-calibrated for use with sub-daily 

data when they become available. 

A.4.4. Model performance criteria 

The fitness of simulated flows to the observed flows was evaluated based on 

common model performance statistics. It is important to note that the performance of 

evaluation criteria varies according to the targeted portion (low, mean, and peak flows) of 

the hydrograph. The model performance criteria used in this study are listed below: 

Nash Sutcliffe Efficiency (NSE): (Eq A-1) NSE only for peak flows was calculated for 

evaluation of peak flows, and it is denoted as PNSE. The value of 1 indicates a perfect fit 

(Nash and Sutcliffe, 1970). Values between 0.0 and 1.0 are generally viewed as 

acceptable levels of performance, whereas NSE>0.50 is considered satisfactory (Moriasi 

et al., 2007).  

Correlation coefficient (r): (Eq A-2) value of 1 indicates a perfect fit. 

Kling-Gupta Efficiency (KGE): (Eq A-3) ranges from −∞ to 1, with one being the 

optimal value (Gupta et al., 2009). 
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Percent Bias (PBIAS): (Eq A-4) optimal value of PBIAS is 0.0, with low-magnitude 

values indicating accurate model simulation. Positive values indicate model 

overestimation bias, and negative values indicate model underestimation bias.  

PFC (Peak Flow Criterion): (Eq A-5) focuses on the accuracy of predicting peak flows 

(Ribeiro et al., 1998). The value of 1 indicates no correlation and value of zero for a 

perfect fit. The Modified Peak Flow Criterion (MPFC) is used in this study for 

consistency (i.e., 1 for the perfect fit). 

RMSE-observations standard deviation ratio (RSR): (Eq A-6) RSR standardizes RMSE 

using the observations standard deviation making it a better tool for model inter-

comparisons  (Moriasi et al., 2007). Values of 0 are optimal, with lower values indicate 

good model performance (Moriasi et al., 2007).  

Equations 

𝑁𝑆𝐸 = 1 −
∑ (𝑄𝑖 − 𝑄�̂�)

2𝑛
𝑖=1

∑ (𝑄𝑖 − �̅�)2𝑛
𝑖=1

 (A-1) 

𝑟 =
∑ (𝑄�̂� − �̅̂�) (𝑄𝑖 − 𝑄�̂�)

𝑛
𝑖=1

√∑ (𝑄𝑖 − 𝑄�̂�)
2𝑛

𝑖=1 ∗ ∑ (𝑄�̂� − �̅̂�)
2

𝑛
𝑖=1

 (A-2) 

𝐾𝐺𝐸 = 1 −  √(𝑟 − 1)2 + (𝛼 − 1)2 + (𝛽 − 1)2 (A-3) 



Ph.D. Thesis - Dayal Wijayarathne                                           McMaster University-Earth Science 

276 
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 (A-5) 

𝑅𝑆𝑅 =
𝑅𝑀𝑆𝐸

𝑆𝑇𝐷𝐸𝑉(𝑄𝑖)
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𝑁
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 (A-6) 

Where, 

 

𝑄𝑖  observed flow at ith data point 

�̅� mean observed flow 

𝑄�̂� simulated flow at ith data point 

�̅̂� mean simulated flow 

𝑛 number of data points 

𝑛𝑝 number of peak flows that are greater than 75 percentiles of observed flow 

𝑄𝑝𝑖 observed peak flows 

�̂�𝑝𝑖 simulated peak flows 

𝑟 linear correlation coefficient 
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𝛼 measure of relative variability 

𝛽 bias (ratio between the simulated and observed values) 

𝑁𝑆𝐸𝑙𝑜𝑔 NSE calculated using the log streamflow values (for low flows) 

𝑁𝑆𝐸𝑠𝑞𝑟  NSE found using the squared streamflow values (for high flows) 

 

A.5. Results and Discussion 

A comparison of the model performance statistics for the streamflow simulation at 

the “Waterford river at Kilbride” hydrometric station for the calibration and validation 

periods is summarized in Tables A-2 and A-3, respectively. The SAC-SMA model 

appears to perform well in simulating stream flows, with the best prediction accuracy 

during the calibration period (KGE =0.85 and r = 0.87).  Relatively low RMSE (1.48 m3s-

1) and SRS (0.49) statistics suggest that the SAC-SMA model is capable of simulating 

stream flows more accurately regarding errors. Even though SAC-SMA performs well, 

the negative PBIAS suggests that the model slightly underestimates the flow during the 

calibration. Relatively high MPFC (0.79) and PNSE (0.62) reveals that the SAC-SMA 

model can capture not only low and medium-range flows but also peak flows well. The 

GR4J model also has similar performance results (KGE = 0.82 and r =0.85) as compared 

to SAC-SMA for both low and medium-range flows. However, the GR4J model 

underpredicts flows more than SAC-SMA based on the percentage PBIAS values (-1.96% 

and -5.71% for SAC-SMA and GR4J, respectively). Statistics for peak flows suggest that 

the GR4J performs equally as the SAC-SMA model in capturing peak flows in the 

calibration period. Even though the performances are lower than SAC-SMA and GR4J 

models, KGE, r, and RMSE statistics indicate that the MAC-HBV, HEC-HMS, and 
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WATFLOOD models also can provide satisfactory (KGE >0.5) results during the 

calibration period for both low and medium-range flows. All three models underpredict 

observed flows, but the HEC-HMS model’s performance is relatively better than MAC-

HBV and WATFLOOD regarding underprediction (Table A-2). Peak flow statistics 

indicate that the MAC-HBV, HEC-HMS, and WATFLOOD models can provide 

reasonably good results where HEC-HMS performs relatively better. In general, all five 

models provide adequate results, but SAC-SMA and GR4J outperform the other three 

models in the calibration period. 

A similar trend was observed during the validation for all low, medium-range, and 

peak flows of all five models. In contrast to the calibration period, the SAC-SMA, GR4J, 

and HEC-HMS models appear to slightly overpredict observed flows during the 

validation period (Table A-3). The MAC-HBV, HEC-HMS, and WATFLOOD models 

have similar performance for both low and medium-range flows, but WATFLOOD 

performs relatively better in the validation period for all flows. In general, the SAC-SMA 

and the GR4J models appear the best performing for all flows in both calibration and 

validation periods. The MAC-HBV, HEC-HMS, and WATFLOOD models perform 

reasonably well for low to medium-range flows but underestimate peak flows in both 

calibration and validation periods.  
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Table A-2 Comparison of hydrological model performances in simulating streamflow in 

Waterford River watershed during the calibration period (note: the best model 

performance and the second-best model performance are indicated by underlined bold 

and bold, respectively) 

Model 

Calibration 

All flows  Peak flow 

KGE r RMSE (m3s-1) PBIAS (%) RSR MPFC PNSE 

SAC-SMA 0.85 0.87 1.48 -1.96 0.49 0.79 0.62 

GR4J 0.82 0.85 1.61 -5.71 0.53 0.77 0.53 

MAC-HBV 0.62 0.72 2.13 -10.05 0.70 0.71 0.38 

HEC-HMS 0.75 0.79 2.12 -4.27 0.70 0.75 0.44 

WATFLOOD 0.64 0.71 2.24 -10.81 0.74 0.70 0.32 

 

Table A-3 Comparison of hydrological model performances in simulating streamflow in 

Waterford River watershed during the validation period (Note: the best model 

performance and the second-best model performance are indicated by underlined bold 

and bold, respectively) 

Model 

Validation 

All flows Peak flow 

KGE r RMSE (m3s-1) PBIAS (%) RSR MPFC PNSE 

SAC-SMA 0.82 0.84 1.50 2.27 0.60 0.80 0.44 

GR4J 0.81 0.82 1.54 7.62 0.62 0.77 0.36 

MAC-HBV 0.65 0.68 1.91 -10.73 0.77 0.68 0.32 

HEC-HMS 0.67 0.75 2.00 5.62 0.80 0.76 0.37 

WATFLOOD 0.66 0.72 1.76 -10.60 0.71 0.70 0.39 
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To further assess the general model performances, scatter plots of observed vs. 

simulated flows for each model for calibration and validation periods are used (Figure A-

3). Data are more clustered along the 45° line in the case of both SAC-SMA and GR4J 

models. The SAC-SMA and GR4J models generally perform well for all low, medium, 

and high flows in both calibration and validation periods. The HEC-HMS model performs 

reasonably well for most flows in both calibration and validation periods, except for 

overestimating at low flows. MAC-HBV performs well for low flows but shows some 

inconsistencies at medium and high flows in both calibration and validation periods. The 

WATFLOOD also performs reasonably well for low flows in both calibration and 

validation period but with a clear underestimation at medium-range and high flows in the 

calibration period. However, WATFLOOD performs relatively better in the validation 

period, especially for high flows compared to calibration. The scatterplots also show that 

the results are more dispersed from the 45° line with increasing flows for all models. In 

general, the SAC-SMA and the GR4J models show better performance for all flows in 

both calibration and validation periods. On the other hand, the HEC-HMS model captures 

most of the peaks during both calibration and validation period and hence competes with 

SAC-SMA and GR4J. The WATFLOOD and MAC-HBV models perform reasonably 

well for low to medium-range flows but underestimate peak flows in both calibration and 

validation periods. 
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Figure A-3 Scatter plots of observed and simulated flows using SAC-SMA, GR4J, MAC-

HBV, HEC-HMS, and WATFLOOD for the calibration period (2007 to 2012) and the 

validation period (2013 -2015)  
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Hydrographs of observed and simulated stream flows are shown for the year 2011 

for calibration and 2015 for the validation period in Figures A-4 and A-5, respectively. 

SAC-SMA model appears effective at simulating the magnitude and timing of all stream 

flows better than other models during the calibration period. The same trend is observed 

during the validation period for SAC-SMA but shows some inconsistencies in the early 

months of the year. The GR4J model is also able to capture all flows as accurately as the 

SAC-SMA model during the calibration period except towards the end of the year. The 

agreement between observed and simulated flows in both rising limbs and falling limbs of 

the hydrographs is more accurate for both SAC-SMA and GR4J models during the 

validation period. The other models tend to underpredict or overpredict observed flows 

and are not able to capture the rising and falling limbs of the hydrograph accurately as 

SAC-SMA and GR4J. Therefore, the hydrographs and model performances indicate that 

the SAC-SMA and the GR4J models to provide better streamflow simulations. 
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Figure A-4 Hydrographs of streamflow for the calibration period (only for 2011) (Note: 

Obs: observed flow) 
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Figure A-5 Hydrographs of streamflow for the validation period (only for 2015) (Note: 

Obs: observed flow) 

For further analysis, Taylor diagrams are used to select the best model based on 

three statistical parameters; standard deviation, correlation coefficient, and centered root 
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mean square error for both calibration and validation periods (Figure A-6). Similarly to 

the results discussed above, the GR4J and SAC-SMA models perform competitively well 

as they are plotted closest to the black arc as well as the point “OBS”. The MAC-HBV, 

HEC-HMS, and WATFLOOD models also closely follow GR4J and SAC-SMA models 

indicating comparatively good performance.  

 
Figure A-6 Taylor diagrams showing a statistical assessment of simulated flows from five 

hydrologic models SAC-SMA, GR4J, MAC-HBV, HEC-HMS, and WATFLOOD for the 

calibration (a) and validation period (b) (Note: Diagram summarizes three statistical 

performances (standard deviation, correlation coefficient, and centered root mean square error) 

for each model. Different colors denote different models. The best model plots itself closer to the 

black arc as well as the point ‘OBS’ (observed flow), which represents agreement with 

observations). 

Apart from model simulation accuracy, some other factors which affect model 

selection for operational streamflow forecasting were also considered in this study. Model 

simulation time, user-friendliness, input data requirement, and availability were also 

evaluated along with the model simulation accuracy as a requirement for forecasting.   

When all models run on computers with similar computational power, no 

significant time difference observed between the five models. 
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A significant difference in user-friendliness was experienced among the models 

used in this study.  The HEC-HMS model has its own data preprocessing tool called 

“HEC-DSSVue” and user-friendly Graphical User Interface (GUI). HEC-DSSVue is a 

Java-based program that can be used to process observed meteorological data for input to 

HEC-HMS. HEC-DSSVue produces observed meteorological time series formatted for 

compatibility with HEC-HMS. All three lumped models do not have a GUI, and original 

MATLAB codes were run in MATLAB software in the study.  The “Geen Kenue” 

software was used to pre and post-processing data for WATFLOOD, even though it does 

not have a prebuilt GUI interface. Therefore, data preprocessing, input-output, 

visualization, and model forcing is relatively easy with HEC-HMS compared to the other 

four models. 

When considering the complexity and input data requirement, all three lump 

models are advantageous as they only require temperature and precipitation as model 

forcing. The fully distributed WATFLOOD model only requires land cover as an 

additional input other than temperature and precipitation. On the other hand, the semi-

distributed HEC-HMS model requires more basin characteristics, which result in 

difficulties in model implementation.  

The availability of hydrologic models may also play a role in model selection for 

operational forecasting. All the HEC-models are freely available at the US Army Corps of 

Engineers website via www.hec.usace.army.mil/software/hec-hms/downloads.aspx. The 

GR4J model is also available as a pre-built full R package “airGR” where R is free 

software available to the public.  Calculated evapotranspiration is a requirement for the 



Ph.D. Thesis - Dayal Wijayarathne                                           McMaster University-Earth Science 

287 

 

original GR4J model. Evapotranspiration also could be calculated using the pre-built R 

package “Evapotranspiration” using 21 different formulations, including Penman, 

Penman-Monteith FAO 56, Priestley-Taylor and Morton formulations. Therefore, the use 

of the GR4J model is advantageous over other models and has openings for further 

development. The other three models used in this study are not freely available and hence 

is a disadvantage. 

A.6. Operational flow forecasting 

To verify the potential of the best performing hydrological models for operational 

streamflow forecasting in the Waterford River watershed, deterministic hydrologic 

forecasts were performed.  The SAC-SMA, GR4J, and HEC-HMS hydrological models 

were used to simulate the streamflow for forecast ranges of 1 to 5 days ahead. The HEC-

HMS model was run as the benchmark model.  Flows were simulated for six months from 

2017-06-01 to 2017-12-31 on a daily time step. The simulation was limited to only six 

months because the observed flow data were available only up to 31 December 2017.  

Global Deterministic Prediction System (GDPS) meteorological forecasts archived in 

Canadian Surface Prediction ARchive (CaSPAr) (https://caspar-data.ca/) were used to 

force the selected hydrological models. GDPS forecast weather variables are available in 

daily time step, and therefore, daily time streamflow simulations for up to five days ahead 

were generated using selected hydrologic models. Forecasted GDPS meteorological data 

(precipitation and temperature) were assessed before forcing the hydrological models to 

verify the quality of archived meteorological data. This assessment was performed using 

observed precipitation and temperature for two years from 2017-06-01 to 2019-06-01 
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recorded at “St. john’s Intl A” and “St. John’s West Climate” EC weather station in St. 

John’s, NL. The evaluation was performed by first overlying observation gauge points on 

GDPS forecast grids and then by comparing corresponding GDPS pixel value with the 

observed gauge value. To evaluate the quality of forecast meteorological data, the 

correlation coefficient and RMSE were chosen, as shown in table A-4. Average forecast 

weather variables corresponding to “St. john’s Intl A” and “St. John’s West Climate” EC 

weather stations were used as input for hydrologic model runs.  

Table A-4  Evaluation results of GDPS forecasts  

 r  RMSE 

Lead time  

(days ahead) 
1 2 3 4 5 

 
1 2 3 4 5 

Precipitation 0.82 0.63 0.56 0.35 0.29  5.40 8.00 8.61 11.80 13.87 

Temperature 0.98 0.95 0.88 0.85 0.81  1.86 2.74 3.60 3.38 4.50 

 

The statistics show that the temperature forecasts for the study area performed 

well and better than precipitation forecasts (Table A-4). For the precipitation, correlation 

is significant for short lead times. On the other hand, temperature shows a significant 

correlation for all lead times up to 5 days ahead. In both cases, performance decreases 

with increasing lead time. RMSE follows a similar pattern as the correlation coefficient 

for both precipitation and temperature. Overall, the results suggest that the GDPS data 

perform well only for short lead times for precipitation while it performs well for longer 

lead times for temperature. 

The results of the forecasting flow using SAC-SMA, GR4J, and HEC-HMS are 

presented in Table A-5, A-6, and A-7, respectively. Both SAC-SMA and GR4J models 

perform reasonably well for up to 1 to 3 day ahead forecasts. The agreement between 
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observed and simulated flows in both the rising limbs and the falling limbs of the 

hydrographs (Figure A-7) is more accurate for both SAC-SMA and GR4J models for one 

day ahead forecasts. The benchmark model, HEC-HMS, does not perform equally well 

for all flows when compared to the SAC-SMA and GR4J models. The HEC-HMS model 

performs relatively well for the peak flows as the SAC-SMA and GR4J models (Figure 

A-7). As expected, based on the forecast evaluation results, the performance decreases 

with increasing lead time (Figure A-7). The average time of concentration of the 

watershed was calculated to be about 10.8 hours (Smith, 1988). GDPS daily forecasts are 

released in 6-hour intervals a day (time of 00:00, 06:00, 12:00, and 18:00). Therefore, 

daily streamflow forecasts using hydrological models can be issued in 6-hour time 

intervals. Hence, the methods used in this study can capture most of the peaks adequately. 

Table A-5 Model performances for streamflow forecast up to 5 days forecasts using SAC-

SMA model 

SAC-SMA 
All flows Peak flow 

KGE r RMSE (m3s-1) PBIAS (%) RSR MPFC PNSE 

1 0.75 0.91 0.92 17.91 0.38 0.60 0.67 

2 0.46 0.87 1.23 29.63 0.51 0.58 0.28 

3 0.42 0.74 1.34 63.21 0.85 0.41 0.12 

4 -0.28 0.58 3.52 84.25 1.90 0.32 0.08 

5 -2.42 0.42 5.23 217.10 4.71 0.22 -0.92 
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Table A-6 Model performances for streamflow forecast up to 5 days forecasts using 

GR4J model 

GR4J 
All flows Peak flow 

KGE r RMSE (m3s-1) PBIAS (%) RSR MPFC PNSE 

1 0.65 0.90 1.00 36.08 0.40 0.60 0.50 

2 0.42 0.85 1.53 38.80 0.69 0.48 0.12 

3 0.23 0.72 3.33 72.48 0.84 0.45 0.06 

4 -0.52 0.57 4.23 92.00 2.31 0.33 0.01 

5 -2.52 0.23 5.63 221.96 4.78 0.12 -1.02 

 

Table A-7 Model performances for streamflow forecast up to 5 days forecasts using 

HEC-HMS model. 

HEC-HMS 
All flows Peak flow 

KGE r RMSE (m3s-1) PBIAS (%) RSR MPFC PNSE 

1 0.42 0.85 2.42 43.59 0.61 0.58 0.32 

2 0.22 0.72 3.07 60.48 0.93 0.32 0.07 

3 0.10 0.57 4.94 92.60 1.36 0.31 0.01 

4 -1.15 0.13 5.37 181.00 2.89 0.12 -1.02 

5 -3.25 0.01 7.35 414.32 3.96 0.08 -2.00 
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Figure A-7 Hydrographs of streamflow for 1 to 5 days ahead forecasts using SAC-SMA, 

GR4J, and HEC-HMS  
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A.7. Conclusions 

From the results presented in this paper, it can be concluded that all five models 

are capable of simulating streamflow reasonably well. The SAC-SMA and GR4J models 

perform equally well and perform better than the other three models in both calibration 

and validation periods for all low, medium, and peak flows. The SAC-SMA and GR4J 

models generally perform better for peak flows, followed by HEC-HMS. The 

WATFLOOD and MAC-HBV models perform better in simulating low flows but 

underpredict high flows. The results from the statistics, hydrographs, scatter plots, and 

Taylor diagrams indicate that the best performing models are SAC-SMA and GR4J, 

followed by HEC-HMS. Forecasting model runs using GDPS meteorological forecasts 

have been verified by their accuracy in forecasting the observed streamflow in the 

Waterford River watershed. If a single model to be used for forecasting, the GR4J model 

can be recommended.  Relatively smaller basin size, less input data requirement, 

efficiency in computational timing, freely available R-package makes GR4J as the best 

model to be used in operational flood forecasting in the Waterford River basin in St. 

John’s, NL. However, due to the good performance of all five models, an ensemble 

streamflow forecast using continuous, multiple hydrological models for operational 

forecasting is also recommended. The resultant flows for hydrological models can be 

used as forcing data for existing hydraulic models at WRMD to produce user-friendly 

flood risk maps to be delivered via social media to the public. The use of existing 

knowledge gathered through a long time of hands-on experience of forecasters along with 
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hydrological and hydraulic model runs will produce more accurate operational flood 

forecasting for St. John’s, NL.  
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A.9. Appendix 

Table B-1 Model parameters in GR4J model. 

Parameter Description Range Units 

xl Capacity of the production soil store 1 to 1500 mm 

x2 Water exchange coefficient -10 to 5 mm 

x3 Capacity of the routing store 1 to 500 mm 

x4 Time parameter for unit hydrographs        0.5 to 4 days 

tr Rainfall threshold temperature 0 to 2.5 ̊C 

scf Snow correction factor 0.4 to 1.6 - 

dff Degree day factor 0 to 5 mmday-1̊C-1 

rcr Rainfall correction  

factor 

0.5 to 1.5 - 

athorn A constant for Thornthwaite’s equation 0.1 to 0.3 - 
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Table B-2 Description of MAC-HBV model parameters. 

Parameter  Description Range  Units  

tr Rain threshold 0 to 2.5 ̊C 

scf Snow correction factor 0.4 to 1.6 -  

ddf Degree-day factor 0 to 5  mmday-1̊C-1 

athorn Coefficient of a simplified version of 

Thornthwaite’s formula  

0.1 to 0.3  - 

fc Maximum soil box water content 50 to 800  mm  

flp Limit for potential evaporation 0.1 to 0.9 - 

beta A non-linear parameter controlling runoff 

generation 

0 to 10 - 

k0 Flow recession coefficient  1 to 30 day 

lsuz A threshold value to control response routing 1 to 100 mm 

k1 Flow recession coefficient in the upper soil 

reservoir 

30 to 100 day 

cperc Constant percolation rate parameter 0.01to 6 mmday-1 

k2 Flow recession coefficient in the lower soil 

reservoir 

100 to 500 day 

maxbas Runoff distribution parameter 1to 20 day 

rcr Rainfall correction factor 0.5 to 1.5 - 

alpha Non-linearity coefficient 0.5 to 1.25 - 
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Table B-3 Description of SAC-SMA model parameters. 

Parameter Description Range Units 

uztwm Upper-zone tension water maximum storage 1 to 150 mm 

uzfwm Upper-zone free water maximum storage 1 to 150 mm 

lztwm Lower-zone tension water maximum storage 1 to 500 mm 

lzfpm Lower-zone free water primary maximum storage 1 to 1000 mm 

lzfsm Lower-zone free water supplemental maximum 

storage 

1 to 1000 mm 

adimp Additional impervious area 0 to 0.4 - 

uzk Upper-zone free water lateral depletion rate 0.1 to 0.5 day-1 

lzpk Lower-zone primary free water lateral depletion 

rate 

0.1 to 0.5 day-1 

lzsk Lower-zone supplemental free water lateral 

depletion rate 

0.01 to 0.25 day-1 

zperc Maximum percolation rate 1 to 250 - 

rexp Exponent of the percolation equation 1 to 5 - 

pctim Impervious fraction of the watershed area 0 to 0.9 - 

pfree Fraction percolating from upper to lower zone free water 

storage 

0 to 0.6 - 

rq Residence time parameters of quick flow 0 to 0.99 - 

ddf Degree day factor 0 to 5 mmday-1°C-1 

scf Snowfall correction factor 0.4 to 1.6 - 

tr Upper threshold temperature to distinguish between rainfall 

and snowfall 

0 to 2.5 °C 

athorn A constant for Thornthwaite’s equation 0.1 to 0.3 - 

rcr Rainfall correction factor 0.5 to 1.5 - 
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Table B-4 Description of HEC-HMS model parameters. 

Component Symbol Parameter Units 

Snow 

tmax Upper temperature threshold ˚C  

tmin Lower temperature threshold ˚C  

tcrt Critical temperature for snowmelt ˚C  

mr Snowmelt rate mm˚C-1day-1 

Precipitation 

loss 

ss Surface storage capacity mm 

if Infiltration rate mmday-1 

is Initial soil storage - 

us Soil storage capacity mm 

ts Tension zone capacity mm 

sp Soil percolation rate mmday-1 

g1i Initial ground water 1 storage - 

g1s Groundwater 1 storage capacity mm 

g1p Ground water 1 percolation rate mmday-1 

g1c Ground water 1 storage coefficient days 

g2i Initial groundwater 2 storage - 

g2p Groundwater 2 percolation capacity mmday-1 

g2c Groundwater 2 percolation rate days 

ai Impervious sub-basin area - 

as Sub-basin area km2 

Direct runoff 
tc Time of concentration days 

st Storage coefficient days 

River routing 
so Storage-outflow m3s-1 

si Number of sub-reaches - 

Baseflow 

b1s Baseflow 1 storage coefficient day 

b1r Baseflow 1 number of reservoirs - 

b2s Baseflow 2 storage coefficient day 

b2r Baseflow 2 number of reservoirs - 
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Table B-5 Optimized parameters of WATFLOOD model for forest land cover class. 

Hydrological Parameters 

Parameter Description Range Units 

rec interflow coefficient 0.5 × 10-3 to 0.1  - 

ak infiltration coefficient bare ground 0.04 to 20 - 

akfs infiltration coefficient snow covered 

ground 

0.04 to 20 - 

retn upper zone retention  0.1 ×10-1 to 0.3 mm 

ak2 recharge coefficient bare ground 0.1 ×10-3 to 0.1 - 

ak2fs recharge coefficient snow covered 

ground 

0 to 0.1 - 

River and basin parameters 

lzf Lower zone drainage function parameter 0.1 ×10-6 to 0.1 ×10-3 - 

pwr Lower zone drainage function exponent 0.3 to 4 - 

R2n River channel Manning’s n 0.1 ×10-1 to 0.1 - 

kcond Conductivity of the wetland (bank)-

channel interface 

0.1 to 0.9 - 

theta Porosity the wetland or channel bank 0.1 to 0.6 - 

Snow parameters 

fm melt factor 0.5×10-1 to 0.5 mm˚C-1day-1 

base base temperature for melt calculations -5 to 5 ˚C 

sublime_rate sublimation rate -0.5×10-1 to 0.5 mmday-1 
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