

  hydrology-09-00133




hydrology-09-00133







Hydrology 2022, 9(8), 133; doi:10.3390/hydrology9080133




Article



A Comparative Evaluation of Using Rain Gauge and NEXRAD Radar-Estimated Rainfall Data for Simulating Streamflow



Syed Imran Ahmed 1,2,*, Ramesh Rudra 1, Pradeep Goel 3[image: Orcid], Alamgir Khan 4, Bahram Gharabaghi 1[image: Orcid] and Rohit Sharma 5





1



Water Resources Engineering, School of Engineering, University of Guelph, Guelph, ON N1G 2W1, Canada






2



Department of Civil Engineering and Technology, NED University of Science and Technology, Karachi 75270, Pakistan






3



Ministry of the Environment, Conservation and Parks, Etobicoke, ON M9P 3V6, Canada






4



MNS Department of Agriculture, University of Agriculture, Multan 60000, Pakistan






5



Water Engineer, Alberta Energy Regulator (AER), Calgary, AB T2P 0R4, Canada









*



Correspondence: sahmed@uoguelph.ca







Academic Editor: Andrea Petroselli



Received: 31 May 2022 / Accepted: 21 July 2022 / Published: 26 July 2022



Abstract

:

Ascertaining the spatiotemporal accuracy of precipitation is a challenge for hydrologists and planners for flood protection measures. The objective of this study was to compare streamflow simulations using rain gauge and radar data from a watershed in Southern Ontario, Canada, using the Hydrologic Engineering Center’s event-based distributed Hydrologic Modeling System (HEC-HMS). The model was run using the curve number (CN) and the Green and Ampt infiltration methods. The results show that the streamflow simulated with rain gauge data compared better with the observed streamflow than the streamflow simulated using radar data. However, when the Mean Field Bias (MFB) corrections were applied, the quality of the streamflow results obtained from radar rainfall data improved. The results showed no significant difference between the simulated streamflow using the SCS and the Green and Ampt infiltration approach. However, the SCS method is reasonably more appropriate for modeling the runoff at the sub-basin-scale than the Green and Ampt infiltration approach. With the SCS method, the simulated and observed runoff amount obtained using rain gauge rainfall showed an R2 value of 0.88 and 0.78 for MFB-corrected radar and 0.75 for radar only. For the Green and Ampt modeling option, the R2 value for the simulated and observed runoff amounts were 0.87 with rain gauge, 0.66 with radar only, and 0.68 with MFB-corrected radar rainfall inputs. The NSE values for rain gauge input ranged from 0.65 to 0.35. Overall, three values were less than 0.5 for streamflow for both the methods. For seven radar rainfall events, the NSE was greater than 0.5, with a range of very good to satisfactory. The analysis of RSR showed a very good comparison of stream flow using the SCS curve number method and Green and Ampt method using different rainfall inputs. Only one value, the 2 November 2003 event, was above 0.7 for rain gauge-based streamflow. The other RSR values were in the range of “very good”. Overall, the study showed better results for the simulated runoff with the MFB-corrected radar rainfall when compared with the simulations obtained using radar rainfall only. Therefore, MFB-corrected radar could be explored as a substitute rainfall source.
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1. Introduction


In hydrology, a key factor for accurate flood estimates is to have reliable spatial and temporal measurement of rainfall. Typically, rain gauges and radars are used for the measurement and estimation of rainfall. Rain gauges are generally considered as accurate estimates of precipitation near the ground surface; however, recording the spatial variability of rainfall at the watershed scale is difficult [1,2]. The precipitation data are collected by measuring rainfall at the ground using rain gauges, satellite, and weather radar [3,4]. Rain gauges provide rainfall measurements for a particular point where the rain gauge is located. Depending on the spatial distribution of rain within the watershed, these point-measurements of rainfall can significantly affect the estimation of streamflow. On the other hand, the radar-rainfall measurement technique can provide the spatial distribution of rainfall with the watershed. The radar detects raindrops by emitting out a pulse of electromagnetic energy from the radar station and then measures the energy reflected from the rain [5]. GRCA’s study also indicated that the potential of underestimation (most common) and overestimation error exists for the rainfall measurement through radar. Hence, for the reliability of results, estimation through rain gauge and radar needs further development or corroboration. Nonetheless, reports favor radar rainfall technology since a single site can obtain coverage over a wide area with a high temporal and spatial resolution [6].



Both networks, rain gauge and radar, have some limitations in accurate measurement and estimation of rainfall at the watershed scale. These limitations include a sparse rain gauge network to cover the large watersheds and the difficulty of forecasting rainfall with a longer lead time based on rain gauge data only [7,8]. However, radar systems have the ability to observe the spatial variability of rainfall for large areas that can improve the short-term prediction of rainfall for an area. Nevertheless, the accuracy of radar measurements is not up to the mark for extreme rainfall events [9,10]. The reason for this low accuracy is that the rainfall intensity is derived indirectly from measured radar reflectivity. As a result, this process results in various sources of error [11]. In the last few decades, progress has been made to improve the estimation of rainfall based on radar measurements. Many correction methods have been applied to reduce the errors in the radar data [12,13], including more recent advances based upon dual-polarization radar measurements [14,15,16,17].



It is important to note that it is challenging to have accurate radar-estimated precipitation even with the new radar technologies and techniques. This is due to the primary limitation of indirectly estimating rainfall from the radar data—more specifically, away from the radar station and at a higher point above the ground [1,18]. In addition, it is also essential to have measured rainfall data to compare them with radar data as a reference before using the data in the modeling work for an area’s rainfall or flood assessment. The characteristics of radar-rainfall estimates for streamflow analysis were determined by Ghimire et al. [19] for the effect of spatiotemporal radar-rainfall characteristics, radar range visibility, and characteristics of river network topology. The study used Multi-Radar Multi-Sensor and IFC-ZR from the Iowa Flood Center (IFC), USA. The study evaluated 140 USGS gauge stations that monitor rivers in Iowa, using the Hillslope–Link Model. The streamflow prediction showed that the spatial and temporal resolution of rainfall significantly affect the smaller basins (<1000 km2). It was also found that for larger basins, the significance of rainfall resolution is less effective for streamflow changes.



In general, radar data are inclined to errors due to multiple factors and mostly underestimate the rainfall intensities [20]. Lau et al. [21] also mentioned that underestimated radar intensities fed to the flow prediction models are not helpful for urban flooding simulations. Thorndahl et al. [22] found that most of the urban models are calibrated partially and validated on rain gauge data; therefore, the results may not be so dependable for future predictions. Recently, a study was conducted by Mapiam et al. [23] in Tubma basin, Thailand, where hourly radar rainfall bias adjustment was applied using two different rain gauge networks: tipping buckets, measured by Thai Meteorological Department (TMD), and daily citizen rain gauges. The radar rainfall bias correction factor was updated using both datasets. Daily data from the citizen rain gauge network were downscaled to an hourly resolution based on temporal rainfall data from radar. The approach showed that an improvement in radar rainfall estimates was achieved by including the downscaled data from rain gauges, especially the areas with scarce rain gauges.



It is a well-known fact that the input of rainfall in a hydrologic model is the key parameter for calculating water balance, water distribution, and flood forecasting in the watershed. Since most of these models were developed on rain gauge data, these data have great significance in hydrologic modeling [4,24]. However, these rain gauges have limitations in measuring the spatial and temporal variabilities in the observed precipitation across a watershed [25]. The radar systems have the capability to record the spatiotemporal change in precipitation at a watershed scale. Since radar produces 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 [4,26].



Researchers in water resources and related fields have been interested in rain gauge and radar data adjustment since the last century. They referred to the merging of rain gauge and radar due to the use and effectiveness of radar technology in capturing precipitation [26,27]. Since then, several merging techniques have been introduced to better predict precipitation and consequently other hydrologic variables by modeling. Some of these methods have proven effective in increasing the accuracy of precipitation data [18,28,29,30].



A study was conducted by Sapountzis et al. [31] to assess the use of satellite precipitation data for hydrologic analysis, such as the peak discharge of flash floods in ungauged Mediterranean watersheds. Cumulative precipitation heights from a local rain gauge for Global Precipitation Measurement and the Integrated Multi-Satellite Retrievals (GPM-IMERG) were correlated, and linear equations were developed to adjust the uncalibrated GPM-IMERG precipitation data in Thasos Island, Greece. The results of hydrologic modeling showed that the uncalibrated GPM-IMERG precipitation data were not able to predict the flash flood phenomena; however, the rain gauge data input was able to simulate more precisely the peak flow when the rain gauges were in the study area. It was also suggested that the correlation between ground rainfall data and satellite spatiotemporal precipitation data (R2 > 0.65), using linear regression models extrapolation, can improve the efficiency and accuracy of flash flood analysis for flood mitigation measures in ungauged watersheds.



In a recent study, Shehu and Habelendt [32] evaluated various processes to extend the prediction limit of rainfall by improving the rainfall field fed into the nowcast model. The study was conducted using the data from 110 events observed in the period 2000–2018 by the Hannover Radar (Germany) in an area with a radius of 115 km, where 100 recording gauges were available. They applied different methods such as mean-field bias, kriging with external drift, and quantile mapping-based correction. It was concluded that the conditional merging between the radar and rainfall-gauge data predicted the best spatial and temporal patterns of the rainfall at the desired scale of 1 km2 and 5 min. The results of the study with two nowcast models showed convincing results with conditional merging. In addition, this approach showed better agreement between radar-based Quantitative Precipitation Forecast (QPF) and rain gauge data; hence, this approach can provide better urban flood forecasting using urban hydrological models.



Kastridis et al. [33] explored the flood management strategies and mitigation measures in ungauged NATURA protected watersheds I Greece, using the SCS-CN method for hydrological modeling for 50, 100, and 1000 return periods. The results from the field data and hydrological modeling showed that the possibility of flood is low for 50 and 100 year return periods in the study area. This result was observed based on the thick riparian vegetation in the watershed. The thick vegetation increased the roughness against surface runoff; therefore, the watershed retained more water, and discharge from the area was reduced.



Recent developments in managing the availability of various spatial rainfall data give better opportunities to conduct hydrological modeling to simulate spatially distributed rainfall–runoff. Cho [34] conducted a study using NEXRAD Radar-Based Quantitative Precipitation Estimations for Hydrologic Simulation using ArcPy and HEC Software for the Cedar Creek and South Fork basins in USA. The study used three storm event simulations including a model performance test, calibration, and validation. The results of the study showed that both models (ModClark and SCS Unit Hydrograph) produced relatively high statistical evaluation values. However, it was concluded that the spatially distributed rainfall data-based model (ModClark) showed better comparison with observed streamflow for the studied watersheds. It was also suggested that the methods developed in this research may help in reducing the difficulties of radar-based rainfall data processing and increasing the efficiency of hydrologic models.



Although the literature shows significant success in obtaining refined rainfall data, it is still unclear that the merging of rain data in hydrologic models for flood estimation is truly representative of rainfall events. In addition, the use of these datasets is very important for predicting floods and other water distributions under the climate change scenario for future watershed management and planning, as mentioned by Aristeidis and Dimitrios [35] and Mugabe et al. [36]. While significant progress has been made in this direction, several questions remain, including the full potential of applying radar–rain gauge merging at the spatiotemporal resolutions required for urban hydrology.



There have been many attempts in previous studies to use rainfall data obtained from radar in hydrological modeling. Pessoa et al. [37] tested the sensitivity of radar rainfall input in a distributed-basin rainfall–runoff model. They concluded an improvement in the flood estimation due to accurate rainfall accumulations provided by radar data. Lopez et al. [6] compared the runoff hydrograph obtained by using radar and rain gauge rainfall data, and they also calibrated the Geomorphological Instantaneous Unit Hydrograph Model (GIUHM) with their data. It was concluded that the use of radar rainfall data significantly improved the redevelopment of hydrographs and also provided better estimates with radar rainfall data than the rainfall data obtained through rain gauges.



Bedient et al. [38] obtained similar results using NEXRAD radar rainfall data to predict three separate storm events. They observed that the radar rainfall provided more accurate runoff simulations than rain gauge data. Mimikou and Baltas [39] also observed that the hydrograph’s rising limb and peak flow can be more accurately predicted with the processed radar inputs than with rain gauge data alone. Johnson et al. [37] compared the mean areal precipitation values derived from weather radar (NEXRAD) with mean areal precipitation values obtained from the rain gauge network. The study established that mean areal estimates derived from NEXRAD were typically 5–10% below gauge-derived estimates. This difference was also related to bright band contamination caused by a radar beam passing through the zero-degree isotherm layer in the atmosphere.



Another study by Johnson and Smith (1999) [40] evaluated the comparison of mean areal precipitation with NEXRAD stage III 3-year data using over 4,000 pairs of observations for eight basins in the southern US. They found that NEXRAD data 5 to 10% under estimated when compared with the data for precipitation gauge network. When these datasets were used for hydrologic modeling, the difference in surface runoff volume was also substantially different. Zhijia et al. [41] used a distributed hydrological model [42] for real-time flood modeling. They found that the simulations based on the radar weather data and rain gauge data results have similar accuracy. However, Neary et al. [43] used the continuous mode of HEC-HMS (Hydrologic Engineering Centre’s Hydrologic Modeling System; U.S. Army Corps of Engineers, 1998) to simulate runoff parameters using radar and rain gauge rainfall. They observed that runoff volumes simulated using NEXRAD rainfall data were generally less accurate than those simulated using rain gauge rainfall data; however, the magnitude and time to peak were similar.



Cole et al. [44] compared the runoff simulation using a rain gauge, radar, and gauge-radar adjusted rain gauge data, using lumped and distributed hydrologic models, concluding that the “rain gauge-only” rainfall input provides better results than radar input. Xiaoyang et al. [45] used a topography-based hydrological model (TOPMODEL) to simulate runoff. They concluded that radar data combined with rain gauge rainfall result in better simulation of runoff events.



Another study in France was conducted by Arnaud et al. [46] to evaluate various approaches—complete rain field versus sampled rainfall data and lumped versus distributed models—in hydrological modeling. They compared the effects of multiple simplifications to the process when taking rainfall information into account. The results showed that the data sampling could affect the discharge at the outlet more than even using a fully lumped model. In addition, it was also established that small watersheds are more prone to errors by sampling rainfall data through a rain gauge network, and the larger watersheds have more uncertainties if the spatial variability of rainfall events is not considered accordingly.



The measurement of small-scale rainfall extremes for urban flooding analysis is still a challenge due to the reason that radar generally underestimates rainfall amount when compared to gauges. A study was conducted by Schleiss et al. [47] to evaluate the monitored small-scale extreme rainfall data and their link to hydrological response using multinational radar data for heavy rain events with duration of 5 min to 2 h to understand the relationship between rainfall and urban flooding. The results depicted good agreement for heavy rainfall with correlation coefficients from 0.7 to 0.9. The authors also pointed out that the sampling volumes play a significant role between radar and gauges; however, these are not easy to measure due to the many post-processing steps used for radar data.



Brauer et al. [48] conducted a study to evaluate the effect of rainfall estimates on simulated streamflow for a lowland catchment using a Wageningen Lowland Runoff Simulator rainfall–runoff model (WALRUS) with rainfall data from gauges, radars, and microwave links. The discharges simulated with various inputs were compared to observed data. The outputs using the maps derived from microwave link data and the gauge-adjusted radar data showed promising results for flood events and weather predictions; therefore, they could be effective in catchments that have no gauges in or near the watershed. It was also suggested that better rainfall measurements could improve rainfall–runoff models’ performance and may reduce flood damage with advanced warnings.



Salvatore et al. [49] conducted a study for two kinds of spatial rainfall field data and their merging with radar data to perform runoff simulations at the watershed scale for main precipitation events. The simulated results showed that the use of rain gauges leads to significant underestimation of up to 40% of the average areal rainfall on small basins. A small watershed of 1.3 km2 showed underestimation up to 80% in the maximum flood peak flow estimation. However, it was found that mean underestimation decreased with an increase in the watershed area. Overall, it was concluded that if a rainfall forecast shows a good comparison to gauge measurements, then flood forecasting will be more realistic and effective for the area. However, it is a fact that the radar-based forecast and gauge measurements can never be the same because radar data show the effect of a bigger area, and the rain gauge depicts the reading of a point only.



In a study, Bournas and Balta [50] analyzed the impact on rainfall–runoff simulations of utilizing rain gauge precipitation versus weather radar quantitative precipitation data for the Sarantapotamos river basin in the vicinity of Athens, using a Rainscanner along with ground rain gauge stations data. The results showed that the Rainscanner performed better than the rain gauges with better precipitation datasets with some uncertainty level; however, it was suggested that the calibration and evaluation of these approaches must be performed. The authors also pointed out that total precipitation is the most important factor for the runoff generation.



Although several studies have been conducted to compare the spatial and point differences in the rain gauge and radar rainfall data using hydrological models, no specific conclusions have been drawn to date [51]. Various factors such as model complexities, varying catchment sizes, runoff generation mechanisms, and variation in radar and rain gauge rainfall datasets affect the results. Therefore, no general conclusions about the authenticity of radar rainfall data for hydrological modeling could be drawn [43].



A study was conducted by Huang et al. [52] using an optimized geostatistical kriging approach for relative rainfall anomalies to improve the gridded estimates using the monthly rainfall data (1990–2019) for 293 gauges. The optimization process was based on determining the most appropriate constant for log-transforming data, discarding the poor data, and picking the appropriate parameters for the model. The results showed decent trends with observations; nevertheless, model forecasts were not up to the expectations for the high rainfall observed values due to the smoothing effect that occurs with kriging analysis. It was also suggested that that validation statistics and default parameterizations both must be considered for error assessment in rainfall data.



Most studies have used dense rain gauge networks (common in USA). However, in many parts of the world, including Canada, dense rain gauge networks are not typical. There are hardly any Canadian studies comparing rain gauge and radar data to measure rainfall or streamflow and evaluate the impact of the difference of these rainfall measurement approaches on the performance of watershed models in simulating streamflow. In addition, there are various methods to calculate surface runoff, and these methods can affect the simulation results. Therefore, the selection of a specific method is also very important. Considering these important gaps, this research was designed and focused on evaluating these variables in hydrologic analysis for Canadian conditions. The first objective was to compare the rain gauge-measured rainfall with the radar-estimated rainfall amount. The second objective of this study was to apply a watershed model (HEC-HMS) to simulate streamflow using the measured rainfall data and NEXRAD radar-estimated rainfall data in a watershed with sparse rain gauge coverage in southern Ontario, Canada.




2. Methodology


This section includes information related to the area of study, criteria for the selection of models, and methods used for the data collection and analysis.



2.1. Study Area


The rain gauge data were received from an Upper Welland River Watershed (UWRW) of Niagara Peninsula Conservation Authority (NPCA), Ontario (Figure 1). The total drainage area of approximately 230 km2 was discretized into 10 sub-basins, with basin areas ranging from 6.5 km2 to 43.5 km2, as shown in Figure 2. The average annual precipitation in the watershed is 910 mm, where 18% of precipitation occurs as snow. Ontario’s estimated annual mean for evapotranspiration ranges between 533–559 mm, and the annual water surplus mean is about 279 mm [53]. During the study period, from 2000 to 2004, the average annual precipitation recorded was 872 mm, and the actual annual mean of evapotranspiration (ET) was 559 mm.



The other details available in Geographical Information System (GIS) layers include 10 m Digital Elevation Model (DEM) (Figure 3), stream network, land use (Figure 4), and soil type (Figure 5). This information was provided by the Ontario Ministry of Natural Resources (MNR), Ontario Ministry of Agriculture, Food and Rural Affairs (OMAFRA), and NPCA. The dominant Hydrologic Soil Groups (HSGs) are type C and D, and approximately 85% of the land is under crop and other agricultural use.




2.2. Rainfall Data


The rain gauge at Hamilton Airport (Climate ID: 6153194) is the only gauge located in the Upper Welland River Watershed. For modeling needs, the Inverse Distance Weighted (IDW) interpolation method was used with data from three other rain gauges in the vicinity to capture the spatial variability of rainfall events. The radar rainfall data were obtained from NEXRAD in Buffalo Radar Station at Buffalo, New York, NY, USA. The watershed is approximately 150 km from the Buffalo Radar station. The GIS-based Digital Precipitation Array (DPA) product contained the precipitation accumulation in a 131 × 131 array of grid boxes at a grid resolution of approximately 4 km × 4 km. Radar captures the DPA rainfall values every 5 min during rainfall periods and every 6–10 min during non-rainfall periods.




2.3. Selection of Runoff Events


Ten rainfall events were selected from a 5-year database (2000–2004) in order to compare the simulated streamflow with the observed streamflow. The main criteria used for the selection of events included the rainfall precipitation that spatially covers the entire watershed, along with the measurable runoff amount, the availability of rainfall, and the observed streamflow data. To avoid the complexity of modeling Canada’s melting snow and areal snow distribution, the snowfall events were not included in the analysis. The rainfall characteristics of nine runoff events are summarized in Table 1.




2.4. Model Selection Criteria


The selection of a suitable hydrological model for the study was based on many factors, such as identifying the modeling task, considering available dataset inputs, required modeling outputs, and possible constraints (e.g., cost and time involved). The criterion for models considered in this event-based simulation study was their ability to simulate individual rainfall–runoff events. In this context, there was an emphasis on infiltration and surface runoff, simulating surface runoff hydrograph (including peak flow, total volume, and time to peak) at the watershed outlet reservoir and channel routing components. In addition, cost, simplicity, and graphical user interface (GUI) were considered for the final selection of the model.



The evaluation of hydrologic models started with 19 famous water quantity hydrologic models. Out of the considered models, only six models were identified as event-based models (HEC-HMS, ANSWERS, AGNPS, KINEROS, MIKE-SHE, and CASD2D) and were evaluated for their inputs, various routines, and outputs. Out of these reviewed models, only HEC-HMS was able to meet the requirement of the potential hydrologic model in accordance with the objectives of this study. AGNPS and KINEROS models are not suitable since they are limited to watersheds of 200 km2 and 100 km2 areas, respectively. The study area finalized for this research is about 230 km2 (Upper Welland River Watershed). The MIKE-SHE model is, without doubt, one of the best models considering its state-of-art modeling environment. However, the high cost of the model, lack of technical support, and intensive physical input data requirement limited the model’s use for this research. ANSWERS or CASC2D could not be considered since the models lack reservoir routing.



The HEC-HMS model was selected for this study due to its vast applicability in rural and agricultural watersheds in North American conditions and its receptiveness for various hydrological modeling processes (i.e., rainfall excess, runoff hydrograph, base flow, evapotranspiration, channel routing, and reservoir routing). The key advantages of the HEC-HMS model are its sophisticated modeling interface, both empirical and physical-based modeling approaches, lower data requirement, and its availability for extensive documentation and technical support.




2.5. Estimation of Model Parameters


The estimation of model parameters for event-based hydrological models is a critical step due to the uncertainty of estimating the initial soil moisture conditions. The initial input values obtained from field data and/or GIS databases and the literature were used for the first run of the event model. Some of the parameters such as average slope, sub basin area, length of stream channels, imperviousness, and hydraulic conductivity were directly estimated based on the watershed’s physical characteristics. Other parameters were estimated or calibrated during later stages (e.g., time of concentration, curve number, initial moisture, initial abstraction).




2.6. Sensitivity Analysis


The sensitivity analysis helps in identifying the parameters that have a larger impact on the model output response. It provides a valuable insight about the role of each input parameter in relation to the other parameters and the model results. In this study, a simple “local” sensitivity analysis approach has been used for the HEC-HMS model where model results are recorded by incrementing or decrementing each parameter by a given percentage while leaving all others constant and quantifying the change in output values. The selection of the baseline values is important and was obtained from field data and/or GIS databases and the literature for the first run of the event model. These initial parameter values were adjusted based on a graphical comparison of simulated and observed flow hydrographs.



Initial parameter values were adjusted based on the graphical comparison of simulated and observed flow hydrographs. This visual adjustment provides a crude model calibration of manual and automated models within the permissible parameter range of the hydrograph. Then, the model was run repeatedly with the starting baseline values for each parameter, incrementing or decrementing the value by ±5% to ±25%, while keeping all other parameters constant at their nominal starting values.



The model was run repeatedly with the starting baseline values for each parameter, incrementing or decrementing the value by ±5%, ±15%, and ±25%. The graphs were plotted using percentage variations in input variables to percentage variations in runoff responses for each parameter to identify the sensitive parameters. The 20 May 2004 event was selected since it was the longest uniformly distributed runoff-event, and moreover, it had parameter values in the mean range. For other events (e.g., 20 April 2000), the curve number either exceeded the permissible range of 100 from its original calculated value when incremented by 15% and 25%, or vice versa (e.g., 22 September 2000). The graphs were plotted using the percentage variations in variable inputs and the percentage variations in runoff responses for each parameter. The plotted graphs were utilized to identify the sensitive parameters.



Figure 6,Figure 7 and Figure 8 show the sensitivity analysis results obtained within ±5%, ±15%, and ±25% variation from the base values. The curve number is the most sensitive parameter at 25% variation from the baseline value. This is probably because of its direct relationship to runoff with the SCS method. When the runoff amount is considered, the Green and Ampt’s hydraulic conductivity is the most sensitive parameter. This is followed by Manning’s roughness coefficient, moisture deficit, and suction at the wetting front. All of these parameters are inversely correlated to runoff volume.



Based on the literature and HEC-HMS technical manual guide (USACE, 2000), the following input parameters were identified for the sensitivity test: initial abstraction and curve number (SCS Loss Method), lag time (SCS Unit Hydrograph), moisture deficit, hydraulic conductivity, impervious percent, suction at wetting front (Green and Ampt loss), and Manning’s roughness coefficient (Muskingum–Cunge routing). These parameters varied in their range of probable values, and thus, the absolute effects of different input parameters were compared. The mode outputs—i.e., runoff amount and peak flow—were selected as the objective functions for the comparison purposes.



The SCS curve number (CN) method [54] is a widely used empirical parameter approach, used in this study to determine the approximate amount of direct runoff from a rainfall event. The runoff curve numbers are based on the hydrologic soil group, land use treatment, and hydrologic condition of the area. The estimation procedure is discussed in detail in the National Engineering Hydrology—NEH-4 handbook [54]. The SCS Unit Hydrograph method was selected to simulate the surface runoff hydrographs. It is based on the dimensionless unit hydrograph approach, developed by Victor Mockus in the 1950s, and is described in detail in the SCS Technical Report [54,55,56].



The other modeling option used in this study is the Green and Ampt Infiltration method [57], a physical parameter approach that functions with the soil suction head, porosity, hydraulic conductivity, and time. These parameters were estimated using GIS-based soil and land use information and previous NPCA reports [58,59,60,61].



The Muskingum–Cunge routing method can be applied to estimate parameters when observed data are missing or the measured flow data have a significant degree of uncertainty [62]. Therefore, the Muskingum–Cunge routing concept was used for channel routing, and the channel geometry was obtained from previous NPCA reports. The roughness coefficient values were also estimated by the Muskingum–Cunge routing method based on [63,64]. The channel side-slope and channel length were computed using GIS elevation data and stream network information.




2.7. Calibration of Model Parameters


Both manual and automated calibration options were used to achieve adequate modeling outputs. The manual calibration was done to identify the sensitive input parameters, followed by the automatic calibration of the identified parameters to refine the model parameter values. First, an adjustment in the time it takes to affect the runoff volume was calibrated, followed by an adjustment in parameters affecting the peak flow, and then an adjustment in the time it takes for events to the peak.



The calibrated parameters were separately computed using rainfall inputs from the rain gauge and radar. These estimated parameters were then compared with each other and in accordance with the antecedent watershed conditions to estimate the suitable set of input parameters. The calibrated parameters were then used to simulate the event streamflow using radar and rain gauge rainfall inputs separately, and these were then compared with observed streamflow.



The SCS unit hydrograph method’s lag time and Green and Ampt method’s initial parameter losses are least sensitive to runoff volume. In addition, the impervious percent area is the only factor, other than the curve number, that is positively correlated to runoff. The peak flow rate was most sensitive to hydraulic conductivity, followed by moisture deficit and suction at the wetting front, and least sensitive to lag time and initial parameter loss.



For this study, the percentage of impervious land has been predicted using the Southern Ontario Land Resource Information System (SOLRIS). Other Green and Ampt parameters such as hydraulic conductivity, moisture deficit, and suction at the wetting front were estimated based on available literature values.



Though curve number values were estimated using the water-balance approach, they were adjusted to minimize the simulation errors in streamflow prediction. The calibration of model parameters explained in the following sections was done based on this sensitivity analysis.




2.8. Evaluation Criteria


A comprehensive comparison of the simulated and observed response requires graphical and statistical approaches [65]. Many graphical and statistical approaches have been used for the evaluation of hydrologic models. Refsgaard et al. [66] recommended using more than one criterion to avoid unrealistic parameter values and poor simulation results. Green and Stephenson [67] presented a list of 21 criteria for single-event simulation models and concluded that no single criterion is sufficient to assess the overall measure of best fit between a computed and an observed hydrograph. In this study, the following criteria (Equations (1)–(4)) were used to assess the goodness-of-fit of the computed hydrographs:




	
Percent Error in Peak (PEP) for the comparison of peak flow rates:










  P E P =  (     Q S  −  Q O     Q O     )  × 100  



(1)







	2.

	
Percent Error in Volume (PEV) for volumetric assessments:








   P E V =  (     V S  −  V O     V O     )  × 100   



(2)





	3.

	
Percent Error in Time to Peak (PETP) for accounting time errors:








   P E  T P  =  (     T S  −  T O     T O     )  × 100   



(3)





	4.

	
Sum of Squared Residuals (SSR) for assessing the overall goodness-of-fit or shape of a simulated hydrograph:


  S S R =  ∑  j = 1  m     {   ∑  i = 1  n     [   Q O   ( t )  −  Q S   ( t )   ]   2    i   }   j   



(4)




where m = number of events,



n = number of pairs of ordinates compared in a single event,



   Q O   ( t )    = observed flow rate at time t,



   Q S   ( t )    = simulated flow rate at time t,



   V O    = observed volume,



   V S    = simulated volume,



   T O    = observed time to peak,



   T S    = simulated time to peak for an event.







The strength of rain gauges to accurately measure rainfall amounts at a single point location is also the weakness of radar rainfall data. On the other hand, the strength of the radars to successfully capture the spatial rainfall pattern is the weakness of the rain gauge rainfall. Consequently, the integration of rain gauge and radar rainfall data can be a suitable solution to the shortcomings of each rainfall method. The Mean Field Bias (MFB) coefficient was computed for each storm event by dividing the total rain gauge rainfall by the total radar rainfall during each event (Equation (5)):


  M F B =     ∑  i = 1  n    G i        ∑  i = 1  n    R i       



(5)




where Gi and Ri are corresponding rain gauge and radar rainfall values for the ith hour, respectively, and n is the number of hours during the storm event. This MFB coefficient was multiplied with the radar rainfall datasets to obtain the MFB corrected radar rainfall (or merged radar rainfall).



The Root Mean Squared Error (RMSE) evaluates the goodness of fit by measuring the differences between rain gauge and radar rainfall data [68] and is computed as shown in Equation (6):


  R M S E =    1 n    ∑  i = 1  n     (  r i  −  a i  )  2       



(6)




where n = total number of comparison pairs,



ri = rain gauge rainfall values,



ai = radar rainfall values, and



   r −    and    a −    represent mean rain gauge and radar values, respectively.



The comparisons between observed and simulated runoff hydrographs with all three inputs (rain gauge, radar, and merge data) using SCS and Green and Ampt outputs were also compared statistically with the coefficient of determination (R2) [69], Nash–Sutcliffe Efficiency (NSE) [70], RMSE observations standard deviation ratio (RSR) [68,71,72], and the PBIAS [73] methods, which explain in detail the overestimation or underestimation of a model. These methods are mentioned in Equations (7)–(10) for reference.


   R 2  =   n [  ∑  i = 1  n   (   Y i     o b s   ∗  Y i     s i m    )   ] − [   ∑  i = 1  n   (   Y i     o b s    )  ∗  ∑  i = 1  n   (   Y i     s i m    )  ]      [  n  ∑  i = 1  n    (  Y i     o b s   )  2  −   (  ∑  i = 1  n  (  Y i     o b s   ) )  2   ]   [  n  ∑  i = 1  n    (  Y i     s i m   )  2  −   (  ∑  i = 1  n  (  Y i     s i m   ) )  2   ]       



(7)






  N S E = 1 −  [     ∑  i = 1  n     (   Y i     o b s   −  Y i     s i m    )   2     ∑  i = 1  n     (   Y i     o b s   −  Y  m e a n    )   2     ]   



(8)






  R S R =   R M S E   S T D E  V  o b s     =    [     ∑  i = 1  n     (   Y i     o b s   −  Y i     s i m    )   2     ]     [     ∑  i = 1  n     (   Y i     o b s   −  Y  m e a n    )   2     ]     



(9)






  P B I A S =  [     ∑  i = 1  n   (   Y i     o b s   −  Y i     s i m    )  ∗  (  100  )     ∑  i = 1  n   (   Y i     o b s    )     ]   



(10)




where Yi obs = ith observation for the constituent being evaluated,



Yi sim = ith simulated value for the constituent being evaluated,



Ymean = mean of observed data for the constituent being evaluated,



n = total number of observations.



R2 describes the proportion of the variance in measured data explained by the model (Equation (7)). The range of R2 varies from 0 to 1, where values closer to 1 (more than 0.5) are considered as good and acceptable, showing less variability with the measured data.



The Nash–Sutcliffe efficiency (NSE) is a normalized statistic that defines the relative magnitude of the residual variance when compared to the observed data variance (Equation (8)). The range of NSE values varies between −∞ and 1; however, values between 0 and 1 are generally classified as acceptable performance for the model. Values less than 0 show the poor performance of the simulation model.



Another model evaluation statistic, named the RMSE observations standard deviation ratio (RSR), developed and recommended by [68,71], was also used to compare the observed and simulated data for the study. In addition, RSR normalizes the RMSE by taking into account the observed standard deviation, as the literature recommended [72]. Equation 9 shows that RSR is calculated as the ratio of the RMSE and standard deviation of measured data.



Percent bias (PBIAS) (Equation (10)) tells as a percentage the deviation of data that are estimated to the observed data. The maximum value for PBIAS is 0.0; however, values closer to zero are considered good. In addition, positive and negative values show the underestimation and overestimation biases, respectively, for the performance of the model.





3. Results and Discussion


Two runoff estimation options available in the HEC-HMS were used when evaluating the use of rainfall data obtained by rain gauges and radar. First, the results obtained using the SCS model are presented and discussed in Section 3.1, followed by those obtained using the Green and Ampt Infiltration approach, which are discussed in Section 3.2. The HEC-HMS model was initially run with the best-estimated model parameters and then with the calibrated event-dependent parameters for each event.



3.1. SCS Runoff Model


The comparison between simulated and observed peak flow rate, runoff amount, and time to peak using the best estimated SCS model parameters with rainfall data and percentage error difference are summarized in Table 2 and Table 3, respectively. Comparing the simulated peak flow rate and runoff amount with the observed peak flow rate and runoff amount results in an overestimation for most of the events. In addition, the simulated time to peak, either using a rain gauge or radar data, was less than the observed time to peak (Table 2).



The percentage error difference for the simulated peak flow rate using rain gauge data varied from +153% to −85% compared with the observed peak flow rates for the individual rainfall events. The average percentage error differences of 43.2% and 38.5% for peak flow rate were found with rainfall obtained by rain gauge and radar rainfall inputs, respectively (Table 3). However, the analysis for runoff amount showed a very low average percentage error difference between the simulated (area under the hydrograph) and the observed hydrographs—approximately 6% with radar rainfall and 6.9% with rain gauge rainfall. The difference between the simulated and observed average time to peak showed less time for the simulated (−12.6 and −7.9% with rain gauge and radar rainfall data, respectively) rainfall events. Since both sources of rainfall inputs provided a high range of errors for peak runoff rate in simulated modeling outputs, and the model parameters were therefore calibrated to represent the event-dependent antecedent’s watershed conditions.



The modeling results obtained using the calibrated SCS model parameters are summarized in Table 4 and Table 5. These results indicate that using both data inputs, with the calibrated SCS inputs, simulated streamflows were close to the observed values. When rain gauge inputs had less time to peak, the runoff amount was simulated better when compared with the observed data. The range of the percentage error difference reduced significantly (−36.6 to +25.7%) (Table 5) compared with the best-estimated results presented in Table 3. In addition, the analysis in terms of the average percentage error difference showed an approximately 6% difference with rain gauge and −19% with radar inputs when compared with the observed peak flow rate (Table 5).



The average percentage error difference for runoff amount using simulated rain gauge data was less than 6%; however, the simulated radar data showed a value of −41% when estimating the surface runoff amount. The average percentage error in time to peak showed almost no difference when estimated with rain gauge inputs; however, there was a 6% overestimation using radar data inputs compared to the observed time to peak. Overall, there was a major improvement in simulated and observed values when the calibrated set of parameters was used with rain gauge and radar rainfall inputs. However, the fractional percentage error in radar simulated modeling results was relatively higher when compared with observed streamflow using calibrated parameters.




3.2. Green and Ampt Infiltration Model


The other option available (the physically based Green and Ampt infiltration method) was also used to simulate streamflow, using rainfall obtained from rain gauge and radar data. The results were obtained with the best-estimated model parameters, and the rainfall inputs from rain gauge and radar are summarized in Table 6 and Table 7. Comparing the results given in both tables indicates that the model results obtained using the best estimated parameters with SCS option (Table 2 and Table 3) and Green and Ampt infiltration option (Table 6 and Table 7) are similar. In addition, the percentage error obtained from both rain gauge and radar rainfall inputs simulated results are in the same range as the SCS method and Green and Ampt option. The percentage error difference for peak flow rate ranged from 213.2% to −96.9% with rain gauge and radar rainfall simulated data using the Green and Ampt method (Table 7). The average percentage error values for the peak flow rate were 34% and 20% for rain gauge and radar data inputs, respectively. The percentage differences for the simulated runoff were 24% and −6% with rain gauge and radar data, respectively. The analysis of time to peak showed a smaller % percentage difference with rain gauge (5%) compared to (−14%) with radar data for these rainfall events when compared with the observed values (Table 7).



To reduce the percentage error difference for observed and simulated peak flow rate, runoff amount, and time to peak, the Green and Ampt method parameters were calibrated and again used for simulation as shown in Table 8 and Table 9. Table 8 shows that simulated values for all the variables using rain gauge and radar data are similar to the observed values for most rainfall events. This is also evident in the peak flow rate analysis, which has a low average percentage error difference of −1% and −3% for rain gauge and radar inputs, respectively (Table 9). However, the average percentage error for runoff amount using rain gauge and radar data was as large as −5% and −31%, respectively. The simulated results showed better comparison for time to peak with observed data either using the rain gauge data (4%) or the radar data (−4%).



The statistical analysis of the comparison between SCS and Green and Ampt options in terms of the Sum of Square Residuals (SSR) and Root Mean Square Errors (RMSE) is presented in Table 10. Overall, it seems that the SCS method was able to compute runoff amounts with fewer errors than the Green and Ampt option in the case of both rain gauge and radar rainfall. The rain gauge estimated SSR at 857 mm, which is about six times less than that estimated using the radar rainfall data, at 4650 mm.



The RMSE obtained using the rain gauge rainfall data is about less than half of that estimated using the radar rainfall. This supports the observations in the other analysis that better runoff results were obtained using rain gauge rainfall data for all nine runoff events. A similar trend was noticed with the Green and Ampt modeling option. The estimated rain gauge runoff results show an about five times smaller SSR than radar runoff results and about two times less RMSE error in the case of the Green and Ampt option. The RMSE errors obtained with the rain gauge rainfall were numerically the same with both SCS and Green and Ampt options, but in the case of radar rainfall, the SCS method gave slightly lower errors. Similar results have been reported in past comparison studies between SCS and Green and Ampt options [74].



Although the differences in the errors between these two methods are not large, the SCS method is reasonably appropriate for modeling the runoff at the sub-basin scale, especially for agricultural watersheds such as the Upper Welland River Watershed. Because the Green and Ampt model parameters are physically based and are measured in the field, it is usually thought to be more reliable than the SCS option [75].



Based on the runoff comparison results obtained using both SCS and the Green and Ampt methods, with rain gauge and radar rainfall data, it seems that radar rainfall produced higher errors in runoff simulation. This is because of the erroneous point rainfall estimated using the radar. To make use of the spatial capability of the radar rainfall and the point accuracy of the rain gauge rainfall, the radar rainfall inputs were corrected using the MFB correction factor. These data were used to simulate the peak flow rate, runoff amount, and time to peak for the nine runoff events.



The comparison of the MFB corrected results is presented in Table 11 and Table 12 for SCS and Green and Ampt methods for the nine events. The MFB-corrected radar data showed some improvement in the radar simulated results. The improvement happened as the average simulated runoff amount improved approximately four-fold (Table 5 and Table 12), when compared with SCS-calibrated results. However, there was no improvement in the peak flow rate and time to peak using the SCS method. The comparison of the MFB-corrected simulated hydrological output with the calibrated radar output using the Green and Ampt method showed no significant improvement in the results other than the runoff amount (Table 9 and Table 12). The MFB-corrected radar simulated hydrological results are overall better than “only” radar simulated results.




3.3. Comparison of SCS and Green and Ampt Results


Both subjective and objective analyses of runoff hydrographs were conducted to compare the SCS and the Green and Ampt approaches. Three statistical tools—Coefficient of Determination (R2), Sum of Square Residuals (SSR), and Root Mean Square Error (RMSE)—were used for the objective analysis (Table 13). The results represent an average value for nine events and were computed between simulated streamflow amount and observed streamflow. R2 values of 0.88, 0.75, and 0.78 were obtained with SCS method, with a rain gauge, “only” radar, and MFB-corrected radar rainfall inputs, respectively, while with the Green and Ampt option, R2 values of 0.87, 0.66, and 0.68 were obtained, respectively.



The rain gauge simulated results are found to be better than “only” radar and MFB-corrected radar results; however, the MFB-corrected radar results showed improvement over “only” radar rainfall simulations. Similar patterns were seen with SSR and RMSE analyses, i.e., the SCS method gave lower SSR and RMSE errors than the Green and Ampt option. With the rain gauge rainfall input, the SCS method resulted in approximately 773 mm SSR and 1.85 RMSE, while the Green and Ampt method errors are 985 mm SSR and 1.92 RMSE (Table 13). This shows that the SCS method gives better results with rain gauge data than the results provided by the Green and Ampt method.



The differences in results are usually attributed to the physical and empirical nature of SCS and Green and Ampt methods, base model parameters, calibration of the base model parameters, and the accuracy of model parameters. The SCS method is a simpler approach based on the CN value yet robust enough for estimating excess rainfall. On the other hand, the parameters required by the Green and Ampt method are physically based and involve intensive and time-consuming soil–water experiments (such as hydraulic conductivity, soil moisture deficit, and suction at the wetting front). The accuracy and authenticity of the physical model parameters are critical in event hydrologic modeling. In this study, the simple SCS method provided satisfactory results that validate the strength of the SCS method in hydrological modeling.




3.4. Comparison of Streamflow Hydrographs


The comparisons between observed and simulated runoff hydrographs with all three inputs (rain gauge, radar, and merge data) using SCS and Green and Ampt methods are shown in Figure 9, Figure 10, Figure 11, Figure 12, Figure 13, Figure 14, Figure 15, Figure 16 and Figure 17 and Figure 18, Figure 19, Figure 20, Figure 21, Figure 22, Figure 23, Figure 24, Figure 25 and Figure 26, respectively. The hydrograph analysis shows that the shape of the hydrographs with rain gauge data was close to the observed hydrographs for all nine events using the SCS method (Figure 9, Figure 10, Figure 11, Figure 12, Figure 13, Figure 14, Figure 15, Figure 16 and Figure 17). A similar trend was found when the observed hydrographs were compared with rain gauge input hydrographs using the Green and Ampt method for all rainfall events (Figure 18, Figure 19, Figure 20, Figure 21, Figure 22, Figure 23, Figure 24, Figure 25 and Figure 26).



The hydrographs using radar data with the SCS method show an underestimation of most of the events, other than the 30 April 2003 and 20 May 2004 rainfall events (Figure 15 and Figure 17). However, radar data hydrographs using the Green and Ampt method showed a mixed trend for these events, with five under-predicted hydrographs and four over-predicted hydrographs. The analysis of merge data (MFB) using the SCS method for these events showed a good comparison with the observed hydrographs other than 20 April 2000 (under-predicted) and 2 November 2003 (over-predicted) events. However, the simulated hydrographs produced by merge data for rainfall events using the Green and Ampt method showed slightly over-predicted hydrographs except for the 20 May 2004 event.



The comparison between the runoff simulations using rain gauge and radar rainfall showed mixed trends for other events. For some of the events simulated using the SCS approach (11 June 2000, 9 July 2000, 22 September 2000, 21 May 2001, 11 May 2002, and 2 November 2003), the runoff hydrographs computed using merge rainfall showed lower biases in runoff amounts than rain gauge simulations. For the other four events (20 April 2000, 11 May 2000, 30 April 2003, and 20 May 2004), the rain gauge simulations showed better simulation results when compared with observed results. No improvements were noticed in runoff simulations with MFB-corrected radar rainfall when compared with rain gauge simulated model results; however, MFB-corrected radar resulted in better-simulated hydrographs than those obtained with “only” radar rainfall.



The study also extended the analysis to show an overall scenario and statistical analysis in Table 14 and Table 15. Table 14 shows the comparison of R2 and NSE for radar and rain gauge-based rainfall events as simulated using SCS and Green andAmpt methods for streamflows. It shows that R2 values using a rain gauge vary from 0.64 to 1.0, and 0.32 to 0.97 with radar input, which indicates a robust relationship. The NSE values for rain gauge inputs ranged from 0.65 to 0.35. Overall, three values were less than 0.5 for streamflow for both the methods. For seven radar rainfall events, the NSE value was greater than 0.5, with a range of very good to satisfactory. There are also some negative values, which show poor performance for those events. However, the negative values are in an acceptable range for daily stramflow as shown in the literature [71]. Overall, in the simulations using both modeling methods with radar and rainfall data input, NSE gave mixed results for various events.



Table 15 adds a more statistical explanation to the analysis by using RMSE, SD, and RSR for streamflow using the SCS curve number method and Green and Ampt method using different rainfall inputs. It is obvious from the RMSE values for rain gauge and radar data that rain gauge data simulated streamflow better than the radar inputs for all the events. Although RMSE values are not in the acceptable range cited in literature, the analysis still provides enough information to illustrate the variability and comparison of results based on two different inputs for water resource analysis. Table 15 also shows the observed variability in the data as the SD (Obs.). The SD values were also used to calculate RSR.



The analysis of RSR shows a very good comparison of stream flow using the SCS curve number method and Green and Ampt method using different rainfall inputs (Table 15). Only one value, the 2 November 2003 event, was above 0.7 for rain gauge-based streamflow. The other RSR values are in the range of “very good”, as suggested in the literature [68,71]. For radar input streamflow, eight events are less than or equal to 0.5, corresponding to the “very good” category. The rest of the events showed unsatisfactory results for streamflow variations in both modeling approaches.



The overall analysis of observed and simulated hydrographs shows that rain gauge input data provided better hydrographs than the other two datasets. However, since the number of rain gauges is becoming scarce with time, it is important to develop an effective and reliable source of rainfall inputs for hydrologic modeling by making use of new technologies for rainfall measurements.





4. Conclusions and Recommendations


The following conclusions can be made from this research study.



	
The sensitivity analysis showed that the estimation of antecedent soil parameters and watershed conditions plays an important role in the simulation of runoff hydrographs; therefore, these parameters should be carefully selected for the calibration process.



	
Radar under-estimated rainfall for 80% of the events analyzed in this study. This may affect the hydrologic modeling results, which rely on these data for calibration. The use of “only” radar rainfall data for the streamflow simulations could result in under-estimation or over-estimation in simulated runoff amounts. However, for most events, the runoff hydrographs simulated using rain gauge rainfall were better than those obtained using “only” radar rainfall or MFB-corrected radar rainfall. As expected, the overall biases in simulated and observed runoff amounts correspond to the biases in input rainfall volumes.



	
The SCS approach gave relatively good results for the study watershed. Comparable results were obtained with the Green and Ampt infiltration approach. More distinctively, the runoff simulations obtained using the SCS method were better in terms of runoff amount, peak flow rate, and time to peak than those obtained using the Green and Ampt infiltration model. Since the watershed has dominantly agricultural land and clayey soil type, the variation in SCS was minimal. R2 values of 0.88, 0.75, and 0.78 were obtained with the SCS method with a rain gauge, “only” radar, and MFB-corrected radar rainfall inputs, while with the Green and Ampt option, R2 values of 0.87, 0.66, and 0.68 were obtained, respectively.



	
The NSE values for rain gauge input ranged from 0.65 to 0.35. Overall, three values were less than 0.5 using both methods for streamflow. For seven radar rainfall events, the NSE was greater than 0.5, with a range of very good to satisfactory. There are also some negative values that show poor performance for those events. However, the negative values are in an acceptable range for daily streamflow and supported by the literature. In addition, the RSR analysis showed very good comparison of streamflow using different rainfall inputs. Only one value, the 2 November 2003 event, was above 0.7 for rain gauge-based streamflow. The rest of the RSR values were in the range of “very good”, as suggested in the literature. In addition, for radar input streamflow, eight events were less than or equal to 0.5, corresponding to the” very good” category. The rest of the events showed unsatisfactory results for streamflow variations for both the modeling approaches.



	
Improvements in the simulated runoff were noticed with the MFB-corrected radar rainfall compared with the simulations obtained using “only” radar rainfall. It was also concluded from the results that a comparison between two rainfall datasets is essential prior to any hydrological analysis. MFB-corrected radar could be explored as a substitute rainfall source in case of a sparse rain gauge network.






Overall, it is recommended that a more comprehensive comparison between the two rainfall datasets should be made at different locations to address sparse rain gauges in Ontario. The improvement of simulated streamflow generated by MFB-corrected radar or “only” radar or rain gauge rainfall data should also be considered. The “only”3 radar rainfall input simulations showed poor simulations for most of the events. Therefore, an MFB-corrected radar could be further explored as a substitute rainfall source.
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Figure 1. Location of the study watershed from an Upper Welland River of Niagara Peninsula Conservation Authority (NPCA), Ontario, Canada. 
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Figure 2. Division of Upper Welland River Watershed (UWRW) into sub-basins with outlet. 
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Figure 3. Digital Elevation Model for the Upper Welland River Watershed. 
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Figure 4. Land use for the Upper Welland River Watershed. 
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Figure 5. Hydrologic Soil Group (HSG) for the Upper Welland River Watershed. 
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Figure 6. Sensitivity of SCS curve number to runoff amount and peak flow rate. 
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Figure 7. Sensitivity of several input parameters to runoff amount for Green and Ampt method. 
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Figure 8. Sensitivity of peak flow rate to several input parameters for Green and Ampt method. 
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Figure 9. Comparison of estimated and observed hydrographs using different rainfall estimates for the 20 April 2000 event with SCS modeling option. 
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Figure 10. Comparison of estimated and observed hydrographs using different rainfall estimates for the 11 June 2000 event with SCS modeling option. 
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Figure 11. Comparison of estimated and observed hydrographs using different rainfall estimates for the 9 July 2000 event with SCS modeling option. 
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Figure 12. Comparison of estimated and observed hydrographs using different rainfall estimates for the 22 September 2000 event with SCS modeling option. 






Figure 12. Comparison of estimated and observed hydrographs using different rainfall estimates for the 22 September 2000 event with SCS modeling option.



[image: Hydrology 09 00133 g012]







[image: Hydrology 09 00133 g013 550] 





Figure 13. Comparison of estimated and observed hydrographs using different rainfall estimates for the 21 May 2001 event with SCS modeling option. 
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Figure 14. Comparison of estimated and observed hydrographs using different rainfall estimates for the 11 May 2002 event with SCS modeling option. 
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Figure 15. Comparison of estimated and observed hydrographs using different rainfall estimates for the 30 April 2003 event with SCS modeling option. 
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Figure 16. Comparison of estimated and observed hydrographs using different rainfall estimates for the 2 November 2003 event with SCS modeling option. 
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Figure 17. Comparison of estimated and observed hydrographs using different rainfall estimates for the 20 May 2004 event with SCS modeling option. 
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Figure 18. Comparison of estimated and observed hydrographs using different rainfall estimates for the 20 April 2000 event with Green and Ampt modeling option. 
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Figure 19. Comparison of estimated and observed hydrographs using different rainfall estimates for the 11 June 2000 event with Green and Ampt modeling option. 
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Figure 20. Comparison of estimated and observed hydrographs using different rainfall estimates for the 9 July 2000 event with Green and Ampt modeling option. 
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Figure 21. Comparison of estimated and observed hydrographs using different rainfall estimates for the 22 September 2000 event with Green and Ampt modeling option. 
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Figure 22. Comparison of estimated and observed hydrographs using different rainfall estimates for the 21 May 2001 event with Green and Ampt modeling option. 
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Figure 23. Comparison of estimated and observed hydrographs using different rainfall estimates for the 11 May 2002 event with Green and Ampt modeling option. 
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Figure 24. Comparison of estimated and observed hydrographs using different rainfall estimates for the 30 April 2003 event with Green and Ampt modeling option. 
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Figure 25. Comparison of estimated and observed hydrographs using different rainfall estimates for the 2 November 2003 event with Green and Ampt modeling option. 
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Figure 26. Comparison of estimated and observed hydrographs using different rainfall estimates for the 20 May 2004 event with Green and Ampt modeling option. 
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Table 1. Summary of rainfall characteristics for the nine rainfall events used in this study.
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Start Time

	
End Time

	
Rainfall

	
Rainfall Volume (mm)

	
% Difference




	
Duration (h)

	
Rain Gauge

	
Radar






	
20 April 2000 (2:00)

	
22 April 2000 (8:00)

	
55

	
36.05

	
30.82

	
−14.5




	
11 June 2000 (8:00)

	
14 June 2000 (23:00)

	
88

	
69.9

	
44.49

	
−36.4




	
9 July 2000 (8:00)

	
9 July 2000 (17:00)

	
10

	
26.45

	
12.6

	
−52.4




	
22 September 2000 (19:00)

	
23 September 2000 (23:00)

	
29

	
26.79

	
15.92

	
−40.6




	
21 May 2001 (9:00)

	
22 May 2001 (22:00)

	
38

	
55.32

	
18.62

	
−66.3




	
11 May 2002 (17:00)

	
14 May 2002 (9:00)

	
65

	
43.9

	
32.31

	
−26.4




	
30 April 2003 (16:00)

	
2 May 2003 (23:00)

	
56

	
42.27

	
39.89

	
−5.6




	
2 November 2003 (4:00)

	
4 November 2003 (16:00)

	
61

	
29.62

	
29.61

	
0.0




	
20 May 2004 (8:00)

	
25 May 2004 (18:00)

	
131

	
68.76

	
69.69

	
+1.4
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Table 2. Summary of observed and simulated peak flow rate, runoff amount, and time to peak obtained using best estimated SCS model parameters with rain gauge and radar rainfall inputs.
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Event

	
Observed Stream Flow Results

	
Simulated Results Using Rain Gauge Rainfall

	
Simulated Results Using Radar Rainfall




	
Peak Flow Rate (m3/s)

	
Runoff Amount (mm)

	
Time to Peak (h)

	
Peak Flow Rate (m3/s)

	
Runoff Amount (mm)

	
Time to Peak (h)

	
Peak Flow Rate (m3/s)

	
Runoff Amount (mm)

	
Time to Peak (h)






	
20-04-2000

	
31.85

	
19.45

	
32

	
41.71

	
22.49

	
32

	
41.01

	
18.87

	
30




	
11-06-2000

	
41.42

	
31.07

	
104

	
58.04

	
50.51

	
95

	
55.6

	
28.65

	
98




	
09-07-2000

	
3.95

	
3.26

	
43

	
6.73

	
4.05

	
39

	
0.45

	
0.40

	
15




	
22-09-2000

	
1.09

	
1.32

	
65

	
0.62

	
0.51

	
57

	
0.31

	
0.3

	
66




	
21-05-2001

	
23.67

	
15.05

	
48

	
59.91

	
34.79

	
40

	
10.51

	
5.96

	
37




	
11-05-2002

	
26.38

	
18.54

	
63

	
51.45

	
32.02

	
65

	
48.38

	
21.17

	
62




	
30-04-2003

	
11.27

	
7.63

	
57

	
19.19

	
14.74

	
41

	
22.48

	
13.70

	
43




	
02-11-2003

	
13.83

	
13.83

	
38

	
1.95

	
1.42

	
86

	
2.05

	
1.78

	
55




	
20-05-2004

	
28.11

	
22.36

	
101

	
44.36

	
44.33

	
109

	
58.89

	
48.33

	
110
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Table 3. Statistical comparison between observed and simulated peak flow rate, runoff amount, and time to peak using best estimated SCS model parameters.
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Event

	
% Error in Peak Flow

	
% Error in Runoff Amount

	
% Error in Time to Peak




	
Rain Gauge

	
Radar

	
Rain Gauge

	
Radar

	
Rain Gauge

	
Radar






	
20-04-2000

	
31

	
28.8

	
15.6

	
−3.0

	
0.0

	
−6.3




	
11-06-2000

	
40.1

	
34.2

	
62.6

	
−7.8

	
−8.7

	
−5.8




	
09-07-2000

	
70.4

	
−88.6

	
24.2

	
−87.7

	
−9.3

	
−65.1




	
22-09-2000

	
−43.1

	
−71.6

	
−61.4

	
−77.3

	
−12.3

	
1.5




	
21-05-2001

	
153.1

	
−55.6

	
131.2

	
−60.4

	
−16.7

	
−22.9




	
11-05-2002

	
95

	
83.4

	
72.7

	
14.2

	
3.2

	
−1.6




	
30-04-2003

	
70.3

	
99.5

	
93.2

	
79.6

	
−28.1

	
−24.6




	
02-11-2003

	
−85.9

	
−85.2

	
−89.7

	
−87.1

	
126.3

	
44.7




	
20-05-2004

	
57.8

	
109.5

	
98.3

	
116.1

	
7.9

	
8.9




	
Average

	
43

	
6

	
39

	
−13

	
7

	
−8
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Table 4. Summary of observed and simulated peak flow rate, runoff amount, and time to peak obtained using calibrated SCS model parameters with rain gauge and radar rainfall inputs.
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Event

	
Observed Stream Flow Data

	
Using Rain Gauge Rainfall

	
Using Radar Rainfall




	
Peak Flow Rate (m3/s)

	
Runoff Amount (mm)

	
Time to Peak (h)

	
Peak Flow Rate (m3/s)

	
Runoff Amount (mm)

	
Time to Peak (h)

	
Peak Flow Rate (m3/s)

	
Runoff Amount (mm)

	
Time to Peak (h)






	
20-04-2000

	
31.85

	
19.45

	
32

	
34.99

	
18.28

	
32

	
33.54

	
15.07

	
28




	
11-06-2000

	
41.42

	
31.07

	
104

	
37.43

	
33.45

	
104

	
23.08

	
15.94

	
109




	
09-07-2000

	
3.95

	
3.26

	
43

	
4.83

	
2.98

	
42

	
0.26

	
0.25

	
64




	
22-09-2000

	
1.09

	
1.32

	
65

	
1.37

	
1.2

	
65

	
0.26

	
0.3

	
78




	
21-05-2001

	
23.67

	
15.05

	
48

	
26.22

	
13.68

	
48

	
0.94

	
0.56

	
70




	
11-05-2002

	
26.38

	
18.54

	
63

	
16.73

	
16.73

	
63

	
24.06

	
9.11

	
60




	
30-04-2003

	
11.27

	
7.63

	
57

	
11.25

	
8.14

	
55

	
13.12

	
9.7

	
61




	
02-11-2003

	
13.83

	
13.83

	
38

	
17.3

	
10.54

	
41

	
24.89

	
10.91

	
18




	
20-05-2004

	
28.11

	
22.36

	
101

	
29.2

	
22.26

	
101

	
42.6

	
25.38

	
100
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Table 5. Statistical comparison between observed and simulated peak flow rate, runoff amount, and time to peak using calibrated SCS model parameters.
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Event

	
% Error in Peak Flow

	
% Error in Runoff Amount

	
% Error in Time to Peak




	
Rain Gauge

	
Radar

	
Rain Gauge

	
Radar

	
Rain Gauge

	
Radar






	
20-04-2000

	
9.9

	
5.3

	
−6.0

	
−22.5

	
0.0

	
−12.5




	
11-06-2000

	
−9.6

	
−44.3

	
7.7

	
−48.7

	
0.0

	
4.8




	
09-07-2000

	
22.3

	
−93.4

	
−8.6

	
−92.3

	
−2.3

	
48.8




	
22-09-2000

	
25.7

	
−76.1

	
−9.1

	
−77.3

	
0.0

	
20.0




	
21-05-2001

	
10.8

	
−96.0

	
−9.1

	
−96.3

	
0.0

	
45.8




	
11-05-2002

	
−36.6

	
−8.8

	
−9.8

	
−50.9

	
0.0

	
−4.8




	
30-04-2003

	
−0.2

	
16.4

	
6.7

	
27.1

	
−3.5

	
7.0




	
02-11-2003

	
25.1

	
80.0

	
−23.8

	
−21.1

	
7.9

	
−52.6




	
20-05-2004

	
3.9

	
51.5

	
−0.4

	
13.5

	
0.0

	
−1.0




	
Average

	
6

	
−19

	
−6

	
−41

	
0.0

	
6
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Table 6. Summary of observed and simulated peak flow rate, runoff amount, and time to peak obtained using best estimated Green and Ampt model parameters with rain gauge and radar rainfall inputs.
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Event

	
Observed Stream Flow Data

	
Using Rain Gauge Rainfall

	
Using Radar Rainfall




	
Peak Flow rate (m3/s)

	
Runoff Amount (mm)

	
Time to Peak (h)

	
Peak Flow Rate (m3/s)

	
Runoff Amount (mm)

	
Time to Peak (h)

	
Peak Flow Rate (m3/s)

	
Runoff Amount (mm)

	
Time to Peak (h)






	
20-04-2000

	
31.85

	
19.45

	
32

	
37.78

	
16.49

	
27

	
48.64

	
19.18

	
28




	
11-06-2000

	
41.42

	
31.07

	
104

	
35.85

	
35.45

	
95

	
54.67

	
27.77

	
98




	
09-07-2000

	
3.95

	
3.26

	
43

	
12.37

	
7.25

	
35

	
0.99

	
0.65

	
24




	
22-09-2000

	
1.09

	
1.32

	
65

	
0.54

	
0.49

	
64

	
0.31

	
0.3

	
66




	
21-05-2001

	
23.67

	
15.05

	
48

	
40.45

	
31.20

	
28

	
21.06

	
10.50

	
24




	
11-05-2002

	
26.38

	
18.54

	
63

	
23.73

	
15.69

	
65

	
34.69

	
13.48

	
61




	
30-04-2003

	
11.27

	
7.63

	
57

	
31.28

	
19.00

	
33

	
37.08

	
21.08

	
27




	
02-11-2003

	
13.83

	
13.83

	
38

	
0.43

	
0.33

	
99

	
2.66

	
2.18

	
54




	
20-05-2004

	
28.11

	
22.36

	
101

	
25.92

	
24.10

	
110

	
48.09

	
40.68

	
106
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Table 7. Statistical comparison between observed and simulated peak flow rate, runoff amount, and time to peak using best estimated Green and Ampt model parameters.






Table 7. Statistical comparison between observed and simulated peak flow rate, runoff amount, and time to peak using best estimated Green and Ampt model parameters.





	
Event

	
% Error in Peak Flow

	
% Error in Runoff Amount

	
% Error in Time to Peak




	
Rain Gauge

	
Radar

	
Rain Gauge

	
Radar

	
Rain Gauge

	
Radar






	
20-04-2000

	
18.6

	
52.7

	
−15.2

	
−1.4

	
−15.6

	
−12.5




	
11-06-2000

	
−13.4

	
32.0

	
14.1

	
−10.6

	
−8.7

	
−5.8




	
09-07-2000

	
213.2

	
−74.9

	
122.4

	
−80.1

	
−18.6

	
−44.2




	
22-09-2000

	
−50.5

	
−71.6

	
−62.9

	
−77.3

	
−1.5

	
1.5




	
21-05-2001

	
70.9

	
−11.0

	
107.3

	
−30.2

	
−41.7

	
−50.0




	
11-05-2002

	
−10.0

	
31.5

	
−15.4

	
−27.3

	
3.2

	
−3.2




	
30-04-2003

	
177.6

	
229.0

	
149.0

	
176.3

	
−42.1

	
−52.6




	
02-11-2003

	
−96.9

	
−80.8

	
−97.6

	
−84.2

	
160.5

	
42.1




	
20-05-2004

	
−7.8

	
71.1

	
7.8

	
81.9

	
8.9

	
5.0




	
Average

	
34

	
20

	
24

	
−6

	
5

	
−14
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Table 8. Summary of observed and simulated peak flow rate, runoff amount, and time to peak obtained using calibrated Green and Ampt model parameters with rain gauge and radar rainfall Inputs.






Table 8. Summary of observed and simulated peak flow rate, runoff amount, and time to peak obtained using calibrated Green and Ampt model parameters with rain gauge and radar rainfall Inputs.





	
Event

	
Observed Stream Flow Results

	
Simulated Results Using Rain Gauge Rainfall

	
Simulated Results Using Radar Rainfall




	
Peak Flow Rate (m3/s)

	
Runoff Amount (mm)

	
Time to Peak (h)

	
Peak Flow Rate (m3/s)

	
Runoff Amount (mm)

	
Time to Peak (h)

	
Peak Flow Rate (m3/s)

	
Runoff Amount (mm)

	
Time to Peak (h)






	
20-04-2000

	
31.85

	
19.45

	
32

	
34.99

	
17.51

	
35

	
41.04

	
19.08

	
35




	
11-06-2000

	
41.42

	
31.07

	
104

	
26.7

	
27.02

	
106

	
34.99

	
20.8

	
109




	
09-07-2000

	
3.95

	
3.26

	
43

	
4.3

	
3.02

	
43

	
0.45

	
0.37

	
32




	
22-09-2000

	
1.09

	
1.32

	
65

	
1.13

	
1.18

	
69

	
0.23

	
0.29

	
90




	
21-05-2001

	
23.67

	
15.05

	
48

	
24.27

	
13.59

	
49

	
3

	
1.33

	
45




	
11-05-2002

	
26.38

	
18.54

	
63

	
29.65

	
16.65

	
66

	
34.44

	
11.77

	
62




	
30-04-2003

	
11.27

	
7.63

	
57

	
8.18

	
8.18

	
57

	
15.32

	
12.37

	
57




	
02-11-2003

	
13.83

	
13.83

	
38

	
23

	
10.4

	
37

	
41.67

	
13.09

	
16




	
20-05-2004

	
28.11

	
22.36

	
101

	
14.84

	
10.6

	
113

	
28.72

	
20.37

	
105
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Table 9. Statistical comparison between observed and simulated peak flow rate, runoff amount, and time to peak using calibrated Green and Ampt model parameters.






Table 9. Statistical comparison between observed and simulated peak flow rate, runoff amount, and time to peak using calibrated Green and Ampt model parameters.





	
Event

	
% Error in Peak Flow

	
% Error in Runoff Amount

	
% Error in Time to Peak




	
Rain Gauge

	
Radar

	
Rain Gauge

	
Radar

	
Rain Gauge

	
Radar






	
20-04-2000

	
9.9

	
28.9

	
−10.0

	
−1.9

	
9.4

	
9.4




	
11-06-2000

	
−35.5

	
−15.5

	
−13.0

	
−33.1

	
1.9

	
4.8




	
09-07-2000

	
8.9

	
−88.6

	
−7.4

	
−88.7

	
0.0

	
−25.6




	
22-09-2000

	
3.7

	
−78.9

	
−10.6

	
−78.0

	
6.2

	
38.5




	
21-05-2001

	
2.5

	
−87.3

	
−9.7

	
−91.2

	
2.1

	
−6.3




	
11-05-2002

	
12.4

	
30.6

	
−10.2

	
−36.5

	
4.8

	
−1.6




	
30-04-2003

	
−27.4

	
35.9

	
7.2

	
62.1

	
0.0

	
0.0




	
02-11-2003

	
66.3

	
201.3

	
−24.8

	
−5.4

	
−2.6

	
−57.9




	
20-05-2004

	
−47.2

	
2.2

	
−52.6

	
−8.9

	
11.9

	
4.0




	
Average

	
−1

	
3

	
−5

	
−31

	
4

	
−4
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Table 10. Statistical comparison of modeling results obtained using SCS curve number and Green and Ampt runoff options.






Table 10. Statistical comparison of modeling results obtained using SCS curve number and Green and Ampt runoff options.





	
s.no.

	
Event

	
SCS Curve Number Option

	
Green and Ampt Option




	
Sum of Square Residuals

	
Root Mean Square Error

	
Sum of Square Residuals

	
Root Mean Square Error




	
Rain Gauge

	
Radar

	
Rain Gauge

	
Radar

	
Rain Gauge

	
Radar

	
Rain Gauge

	
Radar






	
1

	
20-04-2000

	
1291.4

	
2316.1

	
3.1

	
4.2

	
656.9

	
1538.5

	
2.2

	
3.4




	
2

	
11-06-2000

	
2488

	
10,661.1

	
3.3

	
6.8

	
4157.1

	
4461.2

	
4.2

	
4.4




	
3

	
09-07-2000

	
58

	
487.3

	
0.7

	
2.1

	
30.5

	
445.7

	
0.5

	
2




	
4

	
22-09-2000

	
3.1

	
38.5

	
0.1

	
0.5

	
2

	
40.6

	
0.1

	
0.5




	
5

	
21-05-2001

	
291.3

	
13,708.6

	
1.6

	
11.2

	
428

	
12,043.7

	
2

	
10.5




	
6

	
11-05-2002

	
1066.6

	
4185.7

	
2.5

	
4.9

	
1476.5

	
2940.3

	
2.9

	
4.1




	
7

	
30-04-2003

	
324.8

	
382.3

	
1.6

	
1.7

	
113.2

	
1298.6

	
0.9

	
3.2




	
8

	
02-11-2003

	
945.8

	
5591.4

	
2.9

	
6.9

	
1280.6

	
17,284.1

	
3.3

	
12.3




	
9

	
20-05-2004

	
1243.6

	
4486.9

	
2.3

	
4.4

	
1683.9

	
5694.8

	
2.7

	
5




	
Average

	
857.0

	
4650.9

	
2.0

	
4.7

	
1092.1

	
5083.1

	
2.1

	
5.0
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Table 11. Summary of observed and simulated runoff amount, peak flow, and time to peak obtained using calibrated SCS and Green and Ampt Model parameters with MFB-corrected radar rainfall input.






Table 11. Summary of observed and simulated runoff amount, peak flow, and time to peak obtained using calibrated SCS and Green and Ampt Model parameters with MFB-corrected radar rainfall input.





	
Event

	
Observed Stream Flow Results

	
Simulated Results Using

	
Simulated Results Using




	
SCS Curve Number Option

	
Green and Ampt Option




	
Peak Flow Rate (m3/s)

	
Runoff Amount (mm)

	
Time to Peak (hr)

	
Peak Flow Rate (m3/s)

	
Runoff Amount (mm)

	
Time to Peak (h)

	
Peak Flow Rate (m3/s)

	
Runoff Amount (mm)

	
Time to Peak (h)






	
20-04-2000

	
31.85

	
19.45

	
32

	
21.99

	
10.09

	
28

	
30.49

	
14.59

	
34




	
11-06-2000

	
41.42

	
31.07

	
104

	
49.26

	
34.39

	
109

	
58.46

	
41.57

	
109




	
09-07-2000

	
3.95

	
3.26

	
43

	
4.97

	
2.99

	
40

	
8

	
4.62

	
40




	
22-09-2000

	
1.09

	
1.32

	
65

	
1.27

	
1.16

	
72

	
1.899

	
1.73

	
59




	
21-05-2001

	
23.67

	
15.05

	
48

	
24.25

	
14.99

	
45

	
49.381

	
25.56

	
23




	
11-05-2002

	
26.38

	
18.54

	
63

	
21.85

	
8.29

	
61

	
34.69

	
11.13

	
62




	
30-04-2003

	
11.27

	
7.63

	
57

	
13.42

	
9.88

	
60

	
15.68

	
12.64

	
38




	
02-11-2003

	
13.83

	
13.83

	
38

	
39.29

	
15.89

	
17

	
49.84

	
14.02

	
16




	
20-05-2004

	
28.11

	
22.36

	
101

	
33.2

	
18.77

	
103

	
18.99

	
13.5

	
105
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Table 12. Statistical comparison of runoff amount, peak flow, and time to peak using MFB-corrected radar rainfall data with SCS curve number and Green and Ampt runoff options.






Table 12. Statistical comparison of runoff amount, peak flow, and time to peak using MFB-corrected radar rainfall data with SCS curve number and Green and Ampt runoff options.





	
s.no.

	
Event

	
SCS Curve Number Option

	
Green and Ampt Option




	
% Error in Peak Flow

	
% Error in Runoff Amount

	
% Error in Time to Peak

	
% Error in Peak Flow

	
% Error in Runoff Amount

	
% Error in Time to Peak






	
1

	
20-04-2000

	
−31.0

	
−48.1

	
−12.5

	
−4.3

	
−25.0

	
6.3




	
2

	
11-06-2000

	
18.9

	
10.7

	
4.8

	
41.1

	
33.8

	
4.8




	
3

	
09-07-2000

	
25.8

	
−8.3

	
−7.0

	
102.5

	
41.7

	
−7.0




	
4

	
22-09-2000

	
16.5

	
−12.1

	
10.8

	
74.2

	
31.1

	
−9.2




	
5

	
21-05-2001

	
2.5

	
−0.4

	
−6.3

	
108.6

	
69.8

	
−52.1




	
6

	
11-05-2002

	
−17.2

	
−55.3

	
−3.2

	
31.5

	
−40.0

	
−1.6




	
7

	
30-04-2003

	
19.1

	
29.5

	
5.3

	
39.1

	
65.7

	
−33.3




	
8

	
02-11-2003

	
184.1

	
14.9

	
−55.3

	
260.4

	
1.4

	
−57.9




	
9

	
20-05-2004

	
18.1

	
−16.1

	
2.0

	
−32.4

	
−39.6

	
4.0




	
Average

	
26

	
−10

	
−7

	
69

	
15

	
−16
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Table 13. Statistical comparison of stream flow using SCS curve number method and Green and Ampt method using different rainfall inputs. † Sum of Squared Residuals. ‡ Root Mean Squared Error. ¥ Coefficient of Determination.






Table 13. Statistical comparison of stream flow using SCS curve number method and Green and Ampt method using different rainfall inputs. † Sum of Squared Residuals. ‡ Root Mean Squared Error. ¥ Coefficient of Determination.





	
Statistical Tool

	
SCS Curve Number Option

	
Green and Ampt Option




	
Rain Gauge

	
Radar

	
MFB-Corrected Radar

	
Rain Gauge

	
Radar

	
MFB-Corrected Radar






	
SSR†

	
773

	
4393

	
-

	
985

	
4920

	
-




	
RMSE‡

	
1.85

	
4.7

	
-

	
1.92

	
5.1

	
-




	
R2¥

	
0.88

	
0.75

	
0.78

	
0.87

	
0.66

	
0.68
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Table 14. Overall statistical comparison, Coefficient of Determination, and Nash–Sutcliffe Efficiency of stream flow using SCS curve number method and Green and Ampt method using different rainfall inputs.






Table 14. Overall statistical comparison, Coefficient of Determination, and Nash–Sutcliffe Efficiency of stream flow using SCS curve number method and Green and Ampt method using different rainfall inputs.





	
Model

	
Figure

	
Rainfall Event

	
R2 †

	
NSE ‡




	
Rain Gauge

	
Radar

	
Rain Gauge

	
Radar






	
SCS CURVE NUMBER

	
Figure 6

	
20-04-2000

	
0.97

	
0.96

	
0.94

	
0.95




	
Figure 7

	
11-06-2000

	
0.78

	
0.52

	
0.79

	
0.27




	
Figure 8

	
09-07-2000

	
0.76

	
0.32

	
0.69

	
−2.13




	
Figure 9

	
22-09-2000

	
0.92

	
0.84

	
0.70

	
−0.81




	
Figure 10

	
21-05-2001

	
1.00

	
0.80

	
0.98

	
−0.99




	
Figure 11

	
11-05-2002

	
0.91

	
0.90

	
0.80

	
0.64




	
Figure 12

	
30-04-2003

	
0.64

	
0.97

	
0.44

	
0.90




	
Figure 13

	
02-11-2003

	
0.79

	
0.09

	
0.42

	
−1.60




	
Figure 14

	
20-05-2004

	
0.94

	
0.92

	
0.90

	
0.56




	
GREEN-AMPT

	
Figure 15

	
20-04-2000

	
0.82

	
0.85

	
0.70

	
0.74




	
Figure 16

	
11-06-2000

	
0.83

	
0.95

	
0.78

	
0.82




	
Figure 17

	
09-07-2000

	
0.70

	
0.57

	
0.35

	
−1.66




	
Figure 18

	
22-09-2000

	
0.88

	
0.71

	
0.85

	
−0.63




	
Figure 19

	
21-05-2001

	
0.65

	
0.69

	
0.56

	
−0.88




	
Figure 20

	
11-05-2002

	
0.89

	
0.62

	
0.80

	
0.24




	
Figure 21

	
30-04-2003

	
0.95

	
0.87

	
0.74

	
0.21




	
Figure 22

	
02-11-2003

	
0.79

	
0.21

	
0.28

	
−2.30




	
Figure 23

	
20-05-2004

	
0.98

	
0.97

	
0.95

	
0.56








† coefficient of determination; ‡ Nash–Sutcliffe efficiency
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Table 15. Overall statistical comparison, Root Mean Squared Error, Standard Deviation, RMSE observations Standard Deviation Ratio (RSR), of stream flow using SCS curve number method and Green and Ampt method using different rainfall inputs. † Root Mean Squared Error. ‡ Standard Deviation. ¥ RMSE-observations Standard Deviation Ratio (RSR).






Table 15. Overall statistical comparison, Root Mean Squared Error, Standard Deviation, RMSE observations Standard Deviation Ratio (RSR), of stream flow using SCS curve number method and Green and Ampt method using different rainfall inputs. † Root Mean Squared Error. ‡ Standard Deviation. ¥ RMSE-observations Standard Deviation Ratio (RSR).





	
Model

	
Figure

	
Rainfall Event

	
RMSE †

	
SD ‡ (Obs)

	
RSR ¥




	
Rain Gauge

	
Radar

	
Rain Gauge

	
Radar






	
SCS CURVE NUMBER

	
Figure 6

	
20-04-2000

	
3.10

	
4.20

	
10.237

	
0.303

	
0.410




	
Figure 7

	
11-06-2000

	
3.30

	
6.80

	
12.632

	
0.261

	
0.538




	
Figure 8

	
09-07-2000

	
0.70

	
2.10

	
1.174

	
0.596

	
1.788




	
Figure 9

	
22-09-2000

	
0.10

	
0.50

	
0.333

	
0.300

	
1.501




	
Figure 10

	
21-05-2001

	
1.60

	
11.20

	
7.503

	
0.213

	
1.493




	
Figure 11

	
11-05-2002

	
2.50

	
4.90

	
8.368

	
0.299

	
0.586




	
Figure 12

	
30-04-2003

	
1.60

	
1.70

	
3.401

	
0.470

	
0.500




	
Figure 13

	
02-11-2003

	
2.90

	
6.90

	
4.222

	
0.687

	
1.634




	
Figure 14

	
20-05-2004

	
2.30

	
4.40

	
8.324

	
0.276

	
0.529




	
GREEN-AMPT

	
Figure 15

	
20-04-2000

	
2.20

	
3.40

	
10.117

	
0.217

	
0.336




	
Figure 16

	
11-06-2000

	
4.20

	
4.40

	
12.528

	
0.335

	
0.351




	
Figure 17

	
09-07-2000

	
0.50

	
2.00

	
1.175

	
0.425

	
1.702




	
Figure 18

	
22-09-2000

	
0.10

	
0.50

	
0.337

	
0.297

	
1.484




	
Figure 19

	
21-05-2001

	
2.00

	
10.50

	
7.481

	
0.267

	
1.404




	
Figure 20

	
11-05-2002

	
2.90

	
4.10

	
8.527

	
0.340

	
0.481




	
Figure 21

	
30-04-2003

	
0.90

	
3.20

	
3.424

	
0.263

	
0.935




	
Figure 22

	
02-11-2003

	
3.30

	
12.30

	
4.135

	
0.798

	
2.974




	
Figure 23

	
20-05-2004

	
2.70

	
5.00

	
8.785

	
0.307

	
0.569

















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2022 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file13.jpg
—0— Hydraulic Conductivity
—2— Manning’s n
= X= Moisture Deficit
—— —O—Suction —
Lag Time
==+ Impervious
—o— Initial Loss

Percent Response Variation
s

5% 0 5% 25%
Percent Input Variation





media/file4.png
b

N Sub Basin10;

B S

SubBasin-105  =SUb Basin:104
Sub Basin-108

Sub Basin-106

Sub Basin-107

OUTLET





media/file52.png
Runoff rate (m3/s)

45

40 -

35

w
o

N
o

N
o

=
15

10 -

8:00
20-May-04

i N

radar estimated rainfall

[__rain gauge estimated rainfall

Observed streamflow
-« simulation using radar rainfall
------- simulation using rain gauge rainfall

- «x= = simulation using merged rainfall

|

.....
..................

8:00 8:00 8:00 8:00
21-May-04 22-May-04 23-May-04 24-May-04

8:00
29-May-04

8:00 8:00 8:00 8:00
25-May-04 26-May-04 27-May-04 28-May-04

)] N
Subbasin averaged hourly rainfall (mm)

=
o

- 12





media/file39.jpg
radar estimated ranfall

Pt F——

i % —— Observed streamfiow

2 F P—

3 rainfall

%, i % T
] o

E ==x==simulation using mer
3 S —
N

800 2000 800 2000 800 2000  $00 2000 800 2000
09-Jul-00 09-Jul-00 10-Jul-00 10Ju-00 11Jul-00 11Jul-00 12ul-00 12Jul-00 13Jul-00 13-ul-00

‘Subbasin averaged hourly rainfall (mm)





media/file18.png
40 -
MHF “ —EDH! : HJ_IJ radar estimated rainfall
35 - [ Jrain gauge estimated rainfall
] ,h .' — Observed streamflow
30 - __ ’ — - simulation using radar rainfall
------- simulation using rain gauge rainfall
25 - = =x==simulation using merged rainfall

Runoff rate (m3/s)
& o

10 -

5 -

0 SRmoneecnard e SRAMMA G S S S o ST
2:00 20:00 14:00 8:00 2:00 20:00 14:00 8:00

20-Apr-00 20-Apr-00 21-Apr-00 22-Apr-00 23-Apr-00 23-Apr-00 24-Apr-00 25-Apr-00

Subbasin averaged hourly rainfall (mm)

Y
(=]





media/file21.jpg
Runoff rate (m3/s)

[en———
=
—— b sreomfow
— - smation uingrodor rinfll

ingaugeestimted ninol

simdationuing ain guge il
st simidation uing merged raintll

s s

80 o 80w
e e e Bkl G e M Babe ek





media/file44.png
radar estimated rainfall

60

50 -

(m3/s)

w
o

Runoff rate

N
o

10 -

0

21-May-01

9:00

2% 1Y [

X

: X
‘I
X
‘l
X
X
X

—Jrain gauge estimated

rainfall
= Observed streamflow

N

== « simulation using radar

rainfall
--------- simulation using rain

gauge rainfall
-=X==simulation using merged

rainfall

(o 0] (<)}

WY
Subbasin averaged hourly rainfall (mm)

[BRY
N

3:00 21:00 15:00
22-May-01 22-May-01

23-May-01 24-May-01

9:00 3:00 21:00
25-May-01 25-May-01





media/file26.png
Runoff rate (m3/s)

30 0
W ‘ JJ radar estimated rainfall
| [—Jrain gauge estimated rainfall
25 | f e Observed streamflow 2
r/ 3 — . simulation using radar rainfall E
! xf X X 0 simulation using rain gauge rainfall 4 :_g
- «X= = simulation using merged rainfall §
L
—
2
15 - 6 <
o
<))
)
©
—
- v
>
10 - -8 @©
o
'®
©
o)
o)
7
5 - 10
0 — : s —— e —— Y 12
9:00 3:00 21:00 15:00 9:00 3:00 21:00
21-May-01 22-May-01 22-May-01 23-May-01 24-May-01 25-May-01 25-May-01





media/file7.jpg
Legend

[ coniferous forest
I conlend

I cscidious forest
7] mixedforest
I oo vt
I osre

water
I recc vetiond

I unciessified
LB

[ wrban greenspace)






media/file28.png
45 g
radar estimated rainfall
40 - I
[——Jrain gauge estimated

35 - rainfall
. B Observed streamflow
J 30 - .
cg = . simulation using radar
5 23 3 rainfall
"é --------- simulation using rain gauge
w20 - rainfall
é -=X==simulation using merged |-
~

[BRY
1%

rainfall

[BRY
o

g
NS
NS
SORNEL

N0
80
20
&
DORIR8E46L44
8
.........

OOBRNY
- OO0 OOBROONS
O6509052503¢525050% SOOORRRIRNXXAXABBERBAN
oooooooooooooo 2,20, o000 OO0 82520000 SANAXXOOBOOOBE BB
.............. £ 052005¢5¢505¢0050000RRIRICI S008I OR02020 e X XX IS
0 = 00 I IR RRRAHARRN Y 3 NN RIS NH XX XXX HXHXY N\~

17:00 17:00 17:00 17:00 17:00 17:00 17:00 17:00
11-May-02 12-May-02 13-May-02 14-May-02 15-May-02 16-May-02 17-May-02 18-May-02

Subbasin averaged hourly rainfall (mm)





media/file10.png





media/file49.jpg
50

&

Runoff rate (m3/s)

1

2200
02-Nov-03

16:00
03-Nov-03

1000
04-Nov-03

—3rain gauge estimated rainfall

Tadar estimated ram

—— Observed streamflow

00
05-Nov-03

rainfall

+ simulation using radar

simulation using rain gauge

rainfall

rainfall

2200
05-Nov-03

- simulation using merged

16:00
06-Nov-03

© Subbasin averaged hourly rainfall (mm)





media/file11.jpg
150

~—3 = Runoff Volume

100 - —O— Peak Flow

50

-100

]
g
2
£
4
:
£

-150

5% 15% 5% 0 5% 15% 25%
Percent Input Variation






media/file6.png
Legend
DEM (20m)

. High : 250.240
. Low :173.394






media/file36.png
Runoff rate (m3/s)

Subbasin averaged hourly rainfall (mm)

45 -
F'll*l‘ HI”HIFH?FH- I : :
“m IJ-UJ radar estimated rainfall
40 - ! . [rain gauge estimated rainfall
0.’ i 2
35 - I ’ \ Observed streamflow
30 / x%%& k \ - « simulation using radar rainfall W
155
»5 | L X N e simulation using rain gauge
] B X rainfall
I A X " -=x==-simulation using merged
20 , ! X e rainfall - 6
A %N
il %
15 l >:<
Ny \ - 8
N 1
10 ] .:.. ,2< \ °
.: x \\\ ’
. X 2 D
% S —
.'.‘.' ........ rrv
0 SRR e ———————— p—p—— AR
2:00 20:00 14:00 8:00 2:00 20:00 14:00 8:00
23-Apr-00 24-Apr-00  25-Apr-00

20-Apr-00 20-Apr-00 21-Apr-00 22-Apr-00 23-Apr-00





media/file15.jpg
g
2
g
g

]
£

2

—0— Hydraulic Conductivity
—— Manning's n
== Moisture Deficit
—O—Suction
Lag Time
Impervious

15% 5% 5% 15% 25%

0
Percent Input Variation





nav.xhtml


  hydrology-09-00133


  
    		
      hydrology-09-00133
    


  




  





media/file2.png
( |

L |

f\\ !\L

T,
o
Upper Welland River Watershed JL@J
»t. Catharines A
H.a [H - [ A g d t . | : : .
[

ara Peninsula Conservation Authority

&
Buffalo Radar Station

Portf olborne

® Radar Station
® Rain Gauge






media/file23.jpg
 rdretimredrantll
rangauge estimated aintll
—Obenved seamow

[ —

12

R ———
=ote=simudaton sing mrged rainfoll

0 3@ 700 10 190 Bm0 70 w0 9@ 100
2256900 235ep00 205ep00 255ep00 255ep-00 265ep00 27-5ep-00 28-5ep00 28-5ep-00 23-5ep-00





media/file24.png
1.6

1.4 -

Runoff rate (m3/s)
/=)
co

=
o

o
o

0.4 -

0.2 -

0.0

*
iiiiiii

ik
J_| j1|_|_'|_| radar estimated rainfall

[ rain gauge estimated rainfall

— Observed streamflow

i - f%& - « simulation using radar rainfall
; WX, e simulation using rain gauge rainfall

X
X
3"%:{ = <= = simulation using merged rainfall
3
4

19:00 13:00 7:00 1:00 19:00 13:00 7:00 1:00 19:00 13:00
22-5ep-00 23-Sep-00 24-Sep-00 25-S5ep-00 25-Sep-00 26-5ep-00 27-Sep-00 28-5ep-00 28-Sep-00 29-Sep-00

Subbasin averaged hourly rainfall (mm)





media/file29.jpg
i gaugeestimtedrann | 12
g
——Obsenved sreamion =
- 2
3 — - simulation singradar H
3 ot g
& - smiation g ramgavge | 2
z it ‘g
E —x—simulaton using merged Z
3 it 53,
& [H
E
E]
83

B

1600 1000 a00 22:00 1600 10:00 a00 2200
30-Apr-03  01-May-03 02-May03 02-May-03 03-May-03 04-May-03 05-May-03  05-May-03





media/file1.jpg
@

s
Upper Welland River Watershed A ‘s
) )  llaarnad
Hagige A 1 Vincland Stggion RCS.

s .
buttalo Radar Station

© Radarsiion
B T





media/file12.png
Percent Response Variation

150

100 =+

—{} = Runoff Volume
—Q0— Pcak Flow

' =

50

0

-0 "]7(;
-100

Q/z

-150 ‘

-25%

-15% -5

% 0 5% 15% 25%
Percent Input Variation





media/file9.jpg





media/file42.png
2.0 e . .
ﬁ"” radar estimated rainfall
1.8 X $x€<
X >§§< [ rain gauge estimated
[ .
16 - % >§§< rainfall
J >§§< = Observed streamflow
1

14 - X X o
3 X X = . simulation using radar
Q1.2 fx . % rainfall
é >§§< --------- simulation using rain gauge |
U N X .
1.0 - - : X rainfall
= : -=X==simulation using merged
Uy .
20.8 rainfall
=
o

0.6

04 -

0.0 -

[BRY

=) N

Subbasin averaged hourly rainfall (mm)

%))

(<)}

19:00 13:00 7:00 1:00 19:00 13:00 7:00 1:00 19:00 13:00
22-Sep-0023-Sep-0024-Sep-0025-Sep-0025-Sep-0026-Sep-0027-Sep-0028-Sep-0028-Sep-0029-Sep-00

w





media/file47.jpg
18

16

5 K =

Runoff rate (m3/s)

o o

16:00

1000
30-Apr-03 01-May-03 02-May-03 02-May-03 03-May-03 04-May-03 05-May-03 05-May-03

00

2200

16:00

Tadar estimated ralnal

Crain gauge estimated
rainfal
—— Observed streamflow

— « simulation using radar
rainfal

simulation using rain

gauge rainfall

—— simulation using merged
rainfall

Subbasin averaged hourly rainfall {mm)

s
10:00 400 2200





media/file38.png
70 : -
radar estimated raintall
[ Jrain gauge estimated rainfall |
60 -
Observed streamflow
50 - == « simulation using radar
’c,? rainfall
Q --------- simulation using rain gauge
g40 rainfall
o -=X==simulation using merged
o rainfall
-
u30 -
e
C
2
20 -
10 -
0 ez / G

8:00 8:00 8:00 8:00 8:00 8:00 8:00 8:00 8:00 8:00
11-Jun-0012-Jun-0013-Jun-00 14-Jun-00 15-Jun-00 16-Jun-00 17-Jun-00 18-Jun-00 19-Jun-00 20-Jun-00

N

(o 0]

[BRY

o
Subbasin averaged hourly rainfall (mm)

[BRY
N





media/file17.jpg
Runoff rate (m3/s)

®

&

s stmated sainall

v gage estimated il

— Observd streamtlon

— - simulation sing rada el
- simalaion using i gusge randall

—ste-smulation sing merged rinal

bt ovepad sl eabafull i)





media/file30.png
16 |

1 . N ~ 0
rauvuadl Collllidivcuy 1radarirall

NN i

——Jrain gauge estimated rainfall 1@
: )
1 - - X Observed streamflow y I
12 - - il "X o
— | % 4 1¥ E
Q : R N = . simulation using radar -
Cg 10 I 5 X rainfall o
= L >§< --------- simulation using rain gauge —
"% .."%X 5§< rainfall ' 48
- 8 1 >5 %¢ === simulation using merged @
ué ! i! >§<X rainfall 59
) 6 - - X o]
7 ! )
j 65
2 c
PN N c
i %
e
e
2 - 81
,/
16:00 10:00 4:00 22:00 16:00 10:00 4:00 22:00

30-Apr-03 01-May-03 02-May-03 02-May-03

03-May-03 04-May-03 05-May-03 05-May-03





media/file51.jpg
[E———

ringage estimsted it

[R——

— - simulton g radr il
imiaton wsingin gavge il

[ ——

800 60 800 so 800 s00 &m0 s00 s 80
20May-08 21-Map08 22May-08 25May0l 26May 08 ZSMwOS 26May0l Z7-May0b 25May08 29May04





media/file35.jpg
20-Apr-00

adar estimated rainfall

rain gauge estimated rainfal

—— Observed sreamfiow

— - simulation using radar ainfal
imulton singin g

simulation using merged
rainfall

2000
20-Apr-00

1400
21-Apr-00

500
22-Apr-00

200 000 1400 800
23Apr00  23-Apr00  24-Apr00  25-Apr-00

SublSasin averaged hourly rainfall (mm)





media/file48.png
Runoff rate (m3/s)

18 - “J m radar estimated rainfall 0
16 —Jrain gauge estimated -1

A % rainfall /g

14 1 _ Ir ><X>$ & Observed streamflow || , &

S ‘>1<>< . . . =

- - X X = « simulation using radar ©

12 - 4 e i 3 E

N4 % rainfall 3=

1 N K weeeesens simulation using rain =

r [ kY gauge rainfall e

10 X % i . . 4

g X =X==simulation using merged S

¥ X . S

¢ $¢ rainfall <

8 T >€ ‘>‘<X 5‘-5

i 2 D

N &

: s

| X .6 QO

6 X 6 D

2 S

X =

4 N4 7 2

Xx %o, S "Q

XX o Se, \\\\\\ vQ

2 - 5 0T 8.7
0 m*g 9

16:00 10:00 4:00 22:00 16:00 10:00 4:00 22:00
30-Apr-03 01-May-03 02-May-03 02-May-03 03-May-03 04-May-03 05-May-03 05-May-03





media/file27.jpg
as

radar estimated rainfall

"
rain gauge estimated

35 rainfall
- —— Observed streamfiow
Z30
3 smultion sin racar
£ rinfal
H] - simulation using rain gauge
w20 rainfall
] ==~ simulation using merged
g1 ainfall

10

s

1700 1700 1700 1700 17 17:00  17:00
11-May-02 12-May-02 13-May-02 14-May-02 15-May-02 16-May-02 17-May-02 18-May-02

Subbasin averaged hourly rainfall (mm)





media/file3.jpg
(HAMILTON A

OUTLET





media/file22.png
Runoff rate (m3/s)

radar estimated rainfall

[ rain gauge estimated rainfall

> H I }{}{% = Observed streamflow
. :! XX - « simulation using radar rainfall
- :}{ ‘+.
i - ); : x’&}{ T simulation using rain gauge rainfall
y = === simulation using merged rainfall
3 4
2
&
}{&K e
>‘§}<}:‘;~§< 1L“'--.
P64
e, [ — . p—— R —, — o080
D ] l . : l : l : : : . . : : : B — 'l "
8:00 20:00 8:00 20:00 8:00 20:00 8:00 20:00 8:00 20:00

09-Jul-00  09-Jul-00 10-Jul-00  10-Jul-00  11-Jul-00 11-Jul-00  12-Jul-00  12-Jul-00  13-Jul-00  13-Jul-00

Subbasin averaged hourly rainfall (mm)





media/file19.jpg
KL W]r
Jo——
} pumiesivapso P

— Obenedsusamiow
— siudton s rado il
N —]

80 &0 800 8w 00 80 0 s s 80
P SN ® [T i CRIE iy M c OOEcoy T  SE rong MY M Y





media/file40.png
9
radar estimated rainfall
8 ><>§$<
- XXX X [ rain gauge estimated rainfall
7 [ 2% >§<
: 54 >$X Observed streamflow
T >g< X
b 15 T X Xx == « simulation using radar
R ><X X rainfall
és | ¥ Xx --------- simulation using rain gauge
Y X X rainfall
© X X . . .
~ ; RN X -=X==simulation using merged
x4 X s % rainfall
3 - 2
2 - .
.| Sormieen,
a ° ¢ ammm» o e o o TS 0 0 ammm ¢ ¢ enmem o . J—
0 i . [ ] ®

8:00 20:00 8:00 20:00 8:00 20:00 8:00 20:00 8:00 20:00
09-Jul-00 09-Jul-00 10-Jul-00 10-Jul-00 11-Jul-00 11-Jul-00 12-Jul-00 12-Jul-00 13-Jul-00 13-Jul-00

o om W
Subbasin averaged hourly rainfall (mm)

(<)}

~

o0





media/file33.jpg
J———
ran gage estimted raintal
—Observed sueandion

— - imutaton using o il

simition singan auge rantal

[ ——

820 80 800 80 00 80 80 800 800 800
20May-08 21May08 22May08 23May-04 26May04 25-Moy-08 26May-04 2-May0d 28-May-08 25-May-04






media/file32.png
45 — =
J‘L radar estimated rainfall
40 T >2s<
= L ><' X |HHL [ rain gauge estimated
35 ' §<" - rainfall
X X = Observed streamflow
30 - ! S
! X
o ]
Z X X = « simulation using radar
cn 25 - 7. X .
= ! % rainfall
yy 20 N / \ --------- simulation using rain gauge
-§ ] . ¢ B rainfall
uo 15 X;<l \ e --X»--sirTluIation using merged
g A A Gl v rainfall
~ 10 -
5 i
0 RXemmSapasie — ’ . . . ’ ’ . 7 : ¢ : :
4:00 22:00 16:00 10:00 4:00 22:00 16:00
05-Nov-03 06-Nov-03

02-Nov-03 02-Nov-03 03-Nov-03 04-Nov-03 05-Nov-03

(o 0] (<)} =) N

WY
Subbasin averaged hourly rainfall (mm)





media/file14.png
=L} Hydraulic Conductivity

- —/— Manning's n
ke — X= Moisture Deficit
= —(O=— Suction —
cs ----- Lag Time

o ==X==Impervious

% —<=— Initial Loss -
% —c e
M '\
=

3-10

B

a™

-20 i
-25% -15% -5% 5% 15% 25%

0 -
Percent Input Variation





media/file41.jpg
20

Tadar estimated rainfall

18
=rain gauge estimated
% rainfal
—— Observed streamflow
1
& imulation using radar
= rainfall
2
E simulation using rain gauge:
2.0 rainfall
] imlation using merged
Sos rainfal
“os
04
02
00

1900 1300 700 100 1900 1300 700 100 1900 1300
22-5ep-0023-5ep-0024-Sep-0025-Sep-0025-5ep-0026-Sep-0027-Sep-0028-5ep-0028-Sep-0029-5ep-00

Subbasin averaged hourly rainfall (mm)





media/file37.jpg
n

“ e
ity

" R

s o

E40 rainfall

H el

M

2

£

20

N
i

800 800 800 800 800 500 00 8O0 800 800
11-Jun-00 12-Jun-00 13-Jun-00 14-un-00 15-Jun-00 16-Jun-00 17-3un-00 18-Jun-00 19-Jun-00 20-3un-00

‘Subbaskn averaged Houdly rainiall i)





media/file46.png
45
E|]][ll radar estimated rainfall
40 - ——rain gauge estimated rainfall - 1
35 - W% Observed streamflow é
£ 2
I x o . . . %
—~30 - X - ;( = + simulation using radar rainfall £
) 173 3§
= s e simulation using rain gauge —
o rainfall s
< -=X==simulation using merged - 4 8
= 20 - rainfall -
S 5
g - 5 b0
S
~ 15 - =
=
- 6
10 - £
p]
S
S
5 - - 7 S
N
0 s R 358888800000nananmnnn . .2;;:.;.;.:.;.:.:.:.:.;.:.:.;.:.:.:,:,:‘:,:,:‘:,:‘:,:,:‘:,:,:‘:,:,:‘:,:,:‘:,::,:.:‘:.:.::.:‘:‘:,:‘:‘ _ 8
17:00 17:00 17:00 17:00 17:00 17:00 17:00 17:00
11-May-02 12-May-02 13-May-02 14-May-02 15-May-02 16-May-02 17-May-02 18-May-02





media/file45.jpg
Tadar estimated raifall

Runoff rate (m3/s)

o C—rain gauge estimated rainfall | 1
w —oneetsienton | B
&
30 — - simulation using radar rainfall] =
5
smutation usngraingauge |
2 Tantl B
- smiation sg merged | 4 5
g £
» Tantal H
5%
-
0 ‘s
£
%
]

100 o0 e 1o 17:00
11:May-02 12-May-02 13-May-02 14-May-02 15-May-02 16-May-02 17-May-02 18-May-02






media/file16.png
==} Hydraulic Conductivity
—/x— Manning's n
= X= Moisture Deficit -

—O=— Suction
----- Lag Time

==X=-Impervious

Percent Response Variation

-5%

0 0 . . 5% 15% 25%
Percent Input Variation





media/file20.png
Runoff rate (m3/s)

radar estimated rainfall

[ 1rain gauge estimated rainfall

= . simulation using radar rainfall

«««««=+ simulation using rain gauge rainfall

= =x==simulation using merged rainfall

8:00 8:00 8:00

m'WIIIIWW u = L”JJI-IJJ
50 )ggg( — Observed streamflow
| }::;‘" %
:;E: X
% 2
o
40 - I g{
}{’--
i
30-
20 - / \
10 -
8: 8:00 8:00 8:00 8:00 8:00 3:00

11-Jun-00 12-Jun-00 13-Jun-00 14-Jun-00 15-Jun-00 16-Jun-00 17-Jun-00 18-Jun-00 19-Jun-00 20-Jun-00

2

g 3
=

—

6 =
H

=

Tl
=

T

=

=)

=
ﬁ

)
10 @
T

T

it

=
_12.5
=

=

i

- 14

LR R
e e
et 16





media/file50.png
60

50 -

m3/s)

Runoff rate (

S
o

w
o

N
o

1 X
10 ;

0 X
4:00
02-Nov-03

22:00
02-Nov-03

T

T

16:00
03-Nov-03

10:00
04-Nov-03

radar estimated rainfall

[ rain gauge estimated rainfall
— Observed streamflow

= « simulation using radar

rainfall
simulation using rain gauge

rainfall
-=X==simulation using merged

rainfall

N

4:00
05-Nov-03

22:00
05-Nov-03

16:00
06-Nov-03

(o) (<)}
Subbasin averaged hourly rainfall (mm)

[BRY
o





media/file5.jpg
Legend
DEM (20m)

.High:250.240
.Lmv:173.384





media/file31.jpg
Runoff rate (m3/s)

radar estimated rainfall

rain gauge estimated
rainfall

——Observed streamflow

— - simulation using radar

x rainfall

- imulation using rain gauge
rainfal

s ==x=-simulation using merged
rainfall

10

5

2200 16:00 10:00 . 2200 16:00
02-Nov-03  02-Nov-03  03-Nov-03 04-Nov-03  05-Nov-03  05-Nov-03  06-Nov-03

Subbasin averaged hourly rainfall (i





media/file25.jpg
adcestivated it
ringage estiated il
——obsened sreanfon

— - simulton g radr il

simuiation wingin gauge 3l

= ote=simulton usiogmerged il

b A Ry SN

u .
£
w .
s w
. u
Py o o 0 o sn

2May0l  22May0l  2Mawy01  23May0l  26May0l  25May0l  25Mayol





media/file0.png





media/file8.png
Legend

- coniferous forest
B copiand

- deciduous forest
|| mixed forest
- open wetland

I treed wetland
- unclassified
- urban

|:| urban greenspace






media/file43.jpg
Tadar estmated ramtal | ©
Cnein gauge estimated
s0 ainfal 2
——Gbserved streamflow
— - simulation using radar
40 ainfal 4
b i -+ simulation using rain
2 i A Yisogsiony
5 / % —-x=-Simiation using merged
30 M ainfal O
5 i
5
220 s
10
0 b e M 3
900 300 2100 1500 0 2100

21-May-01  22-May-01  22-May-01 23-May-01 24-May-01 25-May-01  25-May-01

"Subbasin averaged hourly rainfall (mm)





media/file34.png
Runoff rate (m3/s)

HH Hq“ H w J‘J JL”NW WJJ'“J radar estimated rainfall
30 - [___rain gauge estimated rainfall
e Observed streamflow
K \ =« simulation using radar rainfall
40 - / R simulation using rain gauge rainfall
\ - «<x= = simulation using merged rainfall
30 -
20 -
10 -
8:00 8:00 8:00 8:00 8:00 8:00 8:00 8:00 8:00 8:00

20-May-04 21-May-04 22-May-04 23-May-04 24-May-04 25-May-04 26-May-04 27-May-04 28-May-04 29-May-04

o)) N
Subbasin averaged hourly rainfall (mm)

[
o

K- 12





