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ABSTRACT 

Flash flooding in the semi-arid United States poses a significant danger to life and 

property. One effective way to mitigate flood risk is by implementing a rainfall-runoff 

model in a real-time forecast and warning system. This study investigated the feasibility 

of using the mechanistic, distributed semi-arid rainfall-runoff model KINEROS2 driven 

by high resolution radar rainfall input estimates obtained from the NEXRAD WSR-88D 

DHR reflectivity measurements in such a system. The original procedural paradigm-

based KINEROS2 Fortran 77 code with space-time looping was recoded into an object-

oriented Fortran 90 code with time-space looping for this purpose. The recoded form is 

now applicable to large basins, is easily future-extensible, and individual modules can be 

incorporated into other models.  

Sources of operational uncertainty in the above system were investigated for their 

influence over several events within a sub-basin of the USDA-ARS Walnut Gulch 

Experimental Watershed. Uncertainties considered were in the rainfall estimates, the 

model parameters, and the initial conditions. The variance-based Sobol’ method of global 

sensitivity analysis conditioned on the observed streamflow showed that the uncertainty 

in the modeled response was heavily dominated by the operational variability of biases in 

the radar rainfall depth estimates. Sensitivities to KINEROS2 parameters indicates the 

need for improved representation of semi-arid hillslope hydrology in small basins, while 

pointing to specific influential, but poorly identified model parameters towards which 

field investigations should be directed. The significant influence of initial hillslope soil 
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moisture showed the requirement of a sophisticated inter-storm model component for a 

continuous forecasting model. 

A synthetic study data was used to further explore the phenomena seen in the above 

real data study, of behavioral modifier set inconsistency across all events and of 

irreducibility in the spatial modifier ranges. The former was found to be attributable to 

wide uncertainty ranges in the sources of uncertainty, and the latter to the high distributed 

model non-linearity with associated interactions. These contribute towards a high 

predictive uncertainty in operational forecasting.  

Overall, the GLUE-based predictive uncertainty method with behavioral 

classification and accommodation of wide operational source uncertainty ranges is 

recommended as a simple and effective setup for operational flash flood forecasting.   
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CHAPTER 1: INTRODUCTION 

1.1 Background for the study 

1.1.1 Importance of flash floods 

The trend towards an increasingly drier and more variable climate (UNEP, 1997) has 

significantly increased global incidences of extreme precipitation events in the 20th 

century at the expense of more moderate events (IPCC, 2001; Kundzewicz, 2002). 

Ironically, despite increasingly widespread problems of water scarcity, the cases of 

intense precipitation among such events have lead to a continuous increase in damages 

due to a rise in the number of extreme flood events (Kundzewicz and Kaczmarek, 2000; 

also, Figure 1.1). Even without considering the extremes in precipitation, the average 

precipitation is expected to increase due to the effect of climate change on acceleration in 

global hydrological cycles (Oki and Kanae, 2006). Flood event impacts of the current 

climate trend are particularly felt in semi-arid (annual rainfall is 250-500 mm/year) and 

arid (annual rainfall is less than 250 mm/year) regions of the world: the contrast between 

flood losses and their water-scarce locations of occurrence are sharpest in these regions. 

These arid/semi-arid regions cover a significant geographical extent, spanning 

approximately one-third of the global land surface, one-fourth of the contiguous US, and 

more than half of the Western US (Mike Schaffner, 2005, NOAA-NWS, Personal 

Communication; Goodrich et al., 2000).  
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Figure 1.1 (1): Trend of flood event increase in the past few decades from 
Millennium Ecosystem Assessment, 2005 

 
 

Extreme flood events can be widespread, or they can be short fused (i.e., forming 

quickly) and of small spatial extent. Both flood types bring their own severe 

environmental, social and economic consequences. Since 1985, more than 350 million 

people were displaced globally because of widespread flood events. Out of this, during 

the last 19 years, 44 floods have displaced more than 1 million people each. Most of these 

major floods were located in Asia and took place during the summer months. Short-fused 

floods, also called flash floods, are defined as those floods in which the time between the 

hydrometeorological storm event causing the flood and the flood crest on the stream 

forecast point in question is less than six hours (NWS, 2002). The six-hour benchmark is 

somewhat related to the typical timestep of hydrologic models at the National Weather 

service that predict floods in large basins, and is too coarse for the purposes of flash flood 
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prediction, since such floods can peak in even less than 15 minutes. The loss to life due to 

flash floods is huge: In the U.S. alone, such floods kill more people annually than any 

other natural disaster, accounting for more than 80% of all flood-related deaths (AMS, 

1985). For reference, the annual average number of fatalities due to floods in the US was 

99 people per year from 1977-2006, the highest among natural disasters for that time 

span (Figure 1.2). Also, the economic damages due to flash floods are significant, being 

approximately a billion US dollars annually (See Figure 1.3 for all types of floods from 

1986-95). Note that only flash floods caused by heavy rainfall are considered in this 

study, they could also possibly be caused by a dam/levee failure. 

 

Figure 1.2 (2): Bar chart showing weather fatality statistics in the US due to natural 
disasters from http://www.nws.noaa.gov/om/hazstats.shtml

 

http://www.nws.noaa.gov/om/hazstats.shtml
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Figure 1.3 (3): Bar chart showing trend of economic losses due to floods in the US 
based on data from http://nws.noaa.gov

 

1.1.2 Semi-arid flash flood hydrology of the Southwestern United States 

The Koppen climate classification system (e.g., at 

http://www.uwmc.uwc.edu/geography/100/koppen_web/koppen_map.htm), devised in 

1900 with further modifications in 1918 and 1936, divides the global land surface into 

different climatic regions defined on the basis of their temperature and rainfall 

characteristics. According to this classification, approximately one-third of the earth’s 

surface is characterized by dry climates which can be further classified into arid/semi-arid 

regions. Dry-arid or true desert climates are dominated by xerophytic vegetation, while 

semiarid (steppe) is a grassland climate that receives more precipitation, generally from 

either the intertropical convergence zone or from the mid-latitude cyclones. Dry climates 

are characterized by potential evapotranspiration exceeding precipitation (e.g. Budyko 

http://nws.noaa.gov/
http://www.uwmc.uwc.edu/geography/100/koppen_web/koppen_map.htm
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curve from Budyko 1958; 1974). This climatic zone geographically spans 20 - 35 degrees 

North and South of the equator and in large continental regions of the mid-latitudes often 

surrounded by mountains. 

The fraction of the earth’s land surface characterized by dry climates may increase in 

the future, for example due to global warming effects that cause a drier and more variable 

future climate (UNEP, 1997). Such desertification negatively affects more than one 

billion humans worldwide (FAO, 1993).  Many of these arid/semi-arid regions are 

already water-stressed and potentially unsustainable due to human water demands 

(Watson et al., 1998). Reliable hydrological forecasts across spatial and temporal scales 

are crucial in order to achieve water security (i.e., protection from excess and lack of 

water) for people and ecosystems in these areas. About half, if not more, of the western 

US is classified as some form of arid or semi-arid climate (see Figure 1.4 for mainland 

US; Mike Schaffner, 2005, NOAA-NWS, Personal Communication). Arid climatic 

regions are denoted in this figure by BSh and BSk, while steppe/semi-arid climatic 

regions are denoted by BWh and BWk. In the semi-arid southwest, there are three 

opportunities for precipitation: monsoon thunderstorms, tropical storms, and winter 

storms. 
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Figure 1.4 (4): Map showing the Koppen climate classification over the 
conterminous United States (from the Idaho State Climate Services) 

 

 

There are three broad classes of surface hydrological systems in the dry climatic 

zones: (a) sloping regions with an integrated stream network (like the ones considered in 

this study), and typically characterized by ephemeral and intermittent flowing riparian 

streams often bordered by mildly sloping valleys, in turn bordered by sharply rising 

hillslopes, (b) plainlands with a primitive or no stream network, and (c) regions with 

major inputs of surface water or groundwater from more humid regions, frequently with 

extensive irrigated agriculture (Pilgrim et al., 1988). Runoff generation in semi-arid 

watersheds mainly occurs when rainfall intensity exceeds the local soil infiltration 
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capacity, i.e. so-called Hortonian or infiltration excess overland flow (e.g., Horton, 1933; 

Dunne, 1978; Kirkby, 1969; Beven, 2002), making infiltration-excess runoff generation 

more important here than in humid zones. These hydrologically extreme watersheds are 

characterized by high complexity of the controlling processes. 

The spatiotemporally complex hydrology of semi-arid flash floods is initiated by the 

characteristic hydrometeorological phenomenon of storm cells with a limited areal extent 

of typically less than 10-14 km in diameter (Rossi and Siccardi, 1990; Miro-Granada and 

Gelabert, 1974; Shannon et al., 2002). These cells develop very rapidly into intense 

summertime convective thunderstorms (Michaud, 1992; Roeske et al., 1989), often 

causing severe flash floods (Costa, 1987). The local flash flood potential can be caused 

due to the stationarity of the advecting convective storms, either due to upwind 

preferential development of new convective cells, and/or from orographic influence 

(Creutin and Borga, 2003). The Hortonian infiltration-excess mechanism that dominates 

semi-arid runoff production (Horton, 1933) and the dominantly sparse vegetation 

increases the potential for localized flash flooding (Michaud, 1992). These flood 

hydrographs can sometimes continue for several hours after the rainfall has stopped, they 

are characterized by a very steep rising limb, and a less steep recession, making the 

recession limb span almost the entire duration of the hydrograph (Beven, 2002; Shannon 

et al, 2002). As Wheater (2002) pointed out, the spatial and temporal variability of 

rainfall can extremely influence the shape and volume of this flood hydrograph in the 

semi-arid Southwestern US, but the impact will vary greatly as a function of the 
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distributed interaction of watershed and rainfall properties (e.g., Michaud and 

Sorooshian, 1994). 

 

1.1.3 Current procedure for flash flood guidance 

Perhaps the most effective way to mitigate the risks due to flash flood occurrence  is 

to implement a real-time flood forecast and warning system (e.g., Creutin and Borga, 

2003; Kitanidis and Bras, 1980 a, b). Such a non-structural (or “soft”) measure is also 

suitable for climate change adaptation applications (Kundzewicz, 2002). The National 

Weather Service (NWS), one of the six scientific agencies that make up the National 

Oceanic and Atmospheric Administration (NOAA) in the US, is tasked with providing 

"weather, hydrologic, and climate forecasts and warnings for the United States, its 

territories, adjacent waters and ocean areas, for the protection of life and property and the 

enhancement of the national economy" (http://www.crh.noaa.gov/crh/). This is done 

through a collection of national and regional centers, and more than 122 local Weather 

Forecast Offices (WFOs). The NWS issues a comprehensive package of forecast products 

to support a variety of users, including the general public.  

The 13 River Forecast Centers (RFC) of the NWS issue daily river forecasts using 

hydrologic models based on measured rainfall, soil characteristics, precipitation forecasts, 

and several other variables. Some RFCs, especially those in mountainous regions, also 

provide seasonal snow pack and peak flow forecasts. The two continuous, lumped 

rainfall-runoff models currently used by the RFCs for river flow forecasting are the 

Sacramento Soil Moisture Accounting Model (SAC-SMA; Burnash et al, 1973; Burnash, 

http://www.crh.noaa.gov/crh/
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1995) and the Continuous-API Model (CONT-API; Anderson, E. A., 1993), based on the 

Kansas City Antecedent Precipitation Index (API; Kohler and Linsley, 1951). The SAC-

SMA is a conceptual model, while the CONT-API is empirically-based. The latter is only 

used by the Mid-Atlantic RFC (MARFC). Depending upon the developmental stage and 

needs of the RFC, these models run at 6-hourly or hourly time steps, with the latter time 

step typically preferred since the former is inadequate for many watersheds due to the 

short reaction time of their rivers. The rainfall-runoff models used are typically run in the 

HL-RMS modeling system (Reed et al., 2002), which has kinematic hillslope and 

channel routing models connected to these models. 

For hazardous weather, the NWS has developed a multi-tier concept for forecasting 

or alerting the public, which can be in the form of an outlook, an advisory, a watch, or a 

warning. While outlooks and watches are provided in case of any possibility of 

occurrence of the hazardous event (with watches provided for increased possibility of the 

event), advisories and warnings are issued when such an event is occurring, imminent or 

likely. An outlook provides information with considerable lead time to prepare for the 

event, while a watch provide just enough lead time to users to set their plans in motion. 

Between advisories and warnings, advisories are for less serious conditions than 

warnings, such as which cause significant inconvenience and if caution is not exercised, 

could lead to situations that may threaten life or property: a warning is more serious, 

indicating a threat to life or property. In relation to flash flood 

hydrological/hydrometeorological conditions which usually manifest quickly, watches 

and warnings are typically used. These watches and warnings are for severe 
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thunderstorms which cause such floods, or are for the flash floods themselves. While 

flash flood watches are usually issued six to twenty-four hours in advance of expected 

flood potential, severe thunderstorm watches are usually valid for five to eight hours only 

in advance. Flash flood and severe thunderstorm warnings are issued on a county-by-

county basis, with the flash flood warnings being issued by the local WFO and are 

generally in effect for up to 6 hours. In Tucson, two to three hour flash flood  

warnings are most common, with one hour warnings possible for some fast responding 

urban basins. Flash flood warnings are hence areal in nature, with the area/cities/basins 

receiving heavy rainfall being mentioned in those warnings. 

In general, watches and warnings at NWS WFOs in the southwestern US are provided 

for mainstream rivers using the forecasts provided by RFCs, and for small streams, using 

a combination of RFC guidance and local WFO procedures / techniques. Flash flood 

warnings issued by WFOs for small streams in the semi-arid southwest for the cases 

when the event is imminent or likely, are typically based either on direct estimates of 

areally averaged rainfall, or on flow estimates computed using rainfall-runoff models 

which are similar to those used by the RFCs. Also, warnings issued for the cases when 

the event is occurring, imminent or likely, are based either on readings from real-time 

stream gages, or a spotter report of flash flooding (Mike Schaffner, 2007, NOAA-NWS, 

Personal Communication). In addition, warnings can also occur at the WFOs based on 

other sources like the important information/knowledge of recent rainfall and thus 

antecedent soil moisture prior to the event, the historical reference regarding how much 

rainfall and/or rainfall rates (e.g., 3-4 inches/hr) causes flash flooding, information about 
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how prone an area is to flooding, knowledge of the terrain, information about what the 

land use is like (urban and burn areas are much more likely to flood), information about 

the areal coverage of the precipitation, information of whether new thunderstorms are 

developing and about to move into the area, and spotter information regarding rainfall 

and subjective streamflow information in area washes (Erik Pytlak and Glenn Lader, 

2007, NOAA-NWS, Personal Communication) . 

When warnings are based on flow estimates from rainfall-runoff models, the model 

timesteps at usually a 1-hourly to 0.5-hourly timestep at the finest resolution are finer 

than the RFC model timesteps because of the lesser time of concentration of fast-reacting 

small basins/streampoints. These models are input with rainfall estimates from the 

Multisensor Precipitation Estimator (MPE), which are at 4 km resolution and a hourly 

timestep (E.g., the hourly Weather Forecast Office Hydrologic Forecast System (WHFS), 

but which could be disaggregated to half-hourly). The main steps involved in creating the 

multi-sensor estimate include determining a mean field bias adjustment for each available 

radar, creating a multi-radar mosaic for the forecast area if relevant, and merging the 

mosaic with precipitation gage observations. This means that the MPE is typically based 

on radar and gage observations. Such rainfall-runoff modeling tools in the hands of the 

local WFOs are due to efforts by the NWS towards what is called ‘site-specific’ modeling 

(or modeling of small, fast reacting basins). This was based on the premise that there are 

many small streams and rivers in Western Region that experience significant flooding 

and for which there are no means to generate hydrologic forecasts for specific points 
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along the stream. While the SAC-SMA model is being tested in the WFOs throughout the 

US, the API model is generally used by WFOs in the central and eastern portions.  

A typical example of flash flood warnings based directly on rainfall is the Flash Flood 

Monitoring and Prediction approach (FFMP; e.g., 

http://www.nws.noaa.gov/mdl/ffmp/index.htm; Figure 1.5) which compares temporal 

accumulations of areally averaged rainfall for fast-reacting small basins/streams with 

corresponding flash flood guidance (FFG) value thresholds established based on past 

experience, or on empirical or semi-quantitative approaches. This allows the forecaster to 

pinpoint (i.e. provide site-specific information) which basins are receiving the heaviest 

rainfall. The ovals in Figure 1.5 denote the areas with maximum accumulated rainfall for 

which warnings may be issued. For the southwest, the source of such rainfall estimates is 

generally the National Weather Service (NWS) NEXt generation RADar Weather 

Surveillance Radar – 1988 Doppler (NEXRAD WSR-88D) system (Maddox et al, 2002). 

Other sources are also sometimes used, like rain gauges help to provide ground truth, and 

satellite rainfall estimates and spotter reports could also be helpful. The resulting 

qualitative flood warnings provide a highly effective defense against flood losses. 

 

http://www.nws.noaa.gov/mdl/ffmp/index.htm
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Figure 1.5 (5): The Flash Flood Monitoring and Prediction program based on areal 
cumulative rainfall used by the NWS WFOs for flash flood warnings  

 

1.1.4 Need for quantitative model-based flash flood guidance 

Even though highly effective against flood losses, the FFMP does not allow the 

forecaster in most cases to determine the timing and magnitude of an event very 

accurately. Also, the flood guidance thresholds in FFMP may not reflect the effects of 

spatial variability in rainfall, or of dynamically soil moisture over a short term. Semi-arid 

and arid areas are expected to exhibit much larger spatial variability of runoff production 

as compared to humid areas, which is dominated by the spatial variabilities in both the 

rainfall and soils (Seo and Smith, 1996). Capturing such spatial variabilities along with 

the highly non-linear semi-arid physics is essential in correctly determining the flood 
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hydrographs in semi-arid regions (Pilgrim et al., 1988; Michaud, 1992; Goodrich et al., 

1997). This is best achieved by using a rainfall-runoff model.  At present, the models 

used in operational flash flood forecasting are often spatially-lumped and/or based on 

humid region hydrologic process descriptions (e.g. the SAC-SMA has saturation-excess 

overland flow mechanisms as opposed to semi-arid-dominated infiltration-excess 

mechanisms). Also, their time-steps are too coarse to provide adequate simulation of 

hydrographs that can peak in 15 minutes or less. 

One can assume that incorporating semi-arid physics with its spatio-temporal 

variability by using appropriate models should provide improved forecast capabilities. 

These could include improved accuracies in magnitudes and timings of flood 

hydrographs in the semi-arid ephemeral channels. Such predictions, with their associated 

uncertainties, could validate or reduce the reliance on the subjective (experience-based) 

judgment provided by a skilled hydrologist. The improvement of forecast accuracy and 

the provision of “more specific and timely information” on short-fused flash floods on 

small streams and in urban areas are major objectives of the Advanced Hydrologic 

Prediction Service (AHPS) initiative (NWS, 2002). Specific objectives of AHPS are to 

“rapidly identify small basins affected by heavy rainfall, identify excessive runoff 

locations, and predict the extent and timing of the resulting inundation, by incorporating 

new techniques for quantifying forecast certainty and conveying this information in 

products which specify the probability of reaching various water levels”(NWS, 2002). 

These objectives are best achieved by using a rainfall-runoff model as part of the flash 

flood forecasting process. 
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1.1.4.1 On ALERT rain gage-based systems 

Quantitative, site-specific flash flood forecasting in basins with short response times 

had initially became feasible in the 1970’s due to new data collection technologies such 

as the ALERT  (or Local evaluation in real Time) system (Georgakakos, 1986; Platt and 

Cahail, 1987; Georgakakos, 1987). These ALERT systems are based on dense networks 

of rainfall and streamflow gages that report automatically by radio without delay to a 

dedicated computer housed locally, hence making it possible to provide a quantitative 

forecast of variables like flood stage and time to peak so that flood response measures 

such as neighborhood evacuation, road closure, or flood fighting can commence in a 

timely fashion. According to Michaud (1992), the number of arid or semi-arid ALERT 

watersheds in the Western US in the 1980’s numbered more than 25, with plans for 

installing several more systems. She found a typical watershed to be “about 100 km2 in 

area, instrumented with about 7 raingages of the tipping bucket type and one or two 

streamgages, and being largely non-urbanized, consisting of mountains and possibly 

rangeland”. Studies like Michaud (1992) attempted to test the feasibility of using the data 

these ALERT systems in combination with rainfall-runoff models to investigate model-

based forecasting (refer section 2.1). However, in spite of such studies and of the heavy 

instrumentation of these ALERT watersheds, few of these had rainfall-runoff models 

operationally implemented. The reason for this had probably to do with models and data: 

e.g., in Michaud (1992) where the basin scale of the entire Walnut Gulch Experimental 

watershed (WGEW) was considered, model calibration didn’t give satisfactory 

performance, one reason for which was speculated to be the inadequateness of the rainfall 
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measurement sampling density, inspite of this density being very high. This, coupled with 

the cost considerations of installing ALERT systems to provide comprehensive areal 

coverage with such dense gage instrumentation over the Southwest, may have impeded 

the use of model-based forecasting utilizing the ALERT system input. 

Considering the current ALERT systems near the Tucson NWS WFO, all of Pima 

County's ALERT system (94 precipitation gauges and 32 stream gauges) could be 

considered in the Santa Cruz River watershed with smaller watercourses considered 

subbasins (Andy Wigg, 2007, Pima County Flood Control, Personal Communication)). A 

macro-scale definition of an "ALERT watershed" would put one such watershed in the 

County. Alternatively, a smaller scale definition locates ALERT stream gauges on many 

drainages/watersheds like Cienega Creek, Davidson Canyon, Pantano Wash, Rincon 

Creek, Tanque Verde Wash, Agua Caliente Wash, Sabino Creek, Ventana Canyon Wash, 

Finger Rock Wash, Pima Wash, Alamo Wash, Rillito Creek, Cañada Del Oro Wash, 

Franco Wash, Altar Wash, Brawley Wash, and Santa Cruz River. In Arizona, ALERT 

systems are used in Pima, Maricopa, Yavaipa, Mojave, Gila, and Navajo counties. They 

are also used extensively in California and Texas.   

 

1.1.5 Wildfires and flash flood hydrology 

Fighting wildfires is expensive, costing as much as $20 million a day, with the annual 

cost of battling the more frequent blazes reaching $1.7 billion in recent years 

(http://www.sciam.com ). According to UK scientists, rising temperatures will increase 

the risk of forest fires over the next two centuries (BBC News at http://news.bbc.co.uk). 

http://www.sciam.com/
http://news.bbc.co.uk/
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During the spring and summer of 2002 and 2003, the Tucson metro area in Arizona 

covered by the Tucson NWS was impacted by three wildfires: the Bullock Fire and 

Oracle Hill Fire in 2002, and the Aspen Fire in 2003. The most significant of these is the 

Aspen Fire which began on June 15, 2003 and burned approximately 84,750 acres within 

the Coronado National Forest (CNF), located north of Tucson, Arizona. The fire was 

contained by United States Forest Service (USFS) firefighters on July 15, 2003. These 

fires burned a variety of vegetation types in watersheds that drain off of all sides of the 

Santa Catalina Mountains. From a flash flood hydrology viewpoint, these wildfires are 

important, since wildfire can reduce or eliminate forest canopy and ground cover 

(reducing interception and evapotranspiration), burn soils, and imprint hydrophobic (i.e. 

water repellant) tendencies into a soil (Neary et al, 2005; HSM, 2006). Rainfall that is 

normally absorbed by vegetation can run off almost instantly. This causes creeks and 

drainage areas to flood much sooner during a storm, and with more water than normal. 

Additionally, the soils in a burn scar area are highly erodible so flood waters can contain 

significant amounts of mud, boulders, and vegetation 

(http://landslides.usgs.gov/advisories/warningsys.php). Following wildfire, runoff peak 

and volume have been observed to increase over pre-fire conditions (e.g. Robichaud et al, 

2000), with accompanying increase observed in sediment discharge and sedimentation 

rates. In the southwest US, monsoon rainfall on the recent burns has been observed to 

produce two to five times their pre-burn runoff. Winter storms and typical tropical 

systems (e.g. 3 inches of rainfall over 24 hours) produce runoff which is only slightly 

greater than observed in pre-burn conditions.  

http://landslides.usgs.gov/advisories/warningsys.php
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Such burned watersheds usually require a few years for recovery (e.g., 3 to 5 years for 

hydrological response according to Robichaud et al., 2000; 4 to 6 years for removal of 

fire-induced soil hydrophobicity in arid western environments according to DeBano, 

1981). Overall recovery in a watershed is to be defined as having the physical watershed 

parameters (such as soil permeability, infiltration, and runoff) becoming approximately 

the same as the pre-burn watershed. This does not imply that the recovered watersheds 

will also “look” the same as the pre-burn watershed. In case of flash flood forecasting 

over burned basins, this recovery rate has to be factored into the predictions. 

1.1.6 The COMET project on development of a site-specific flash flood 

forecasting model for the Western Region 

The Cooperative Program for Operational Meteorology, Education and Training 

(COMET), established in 1989 by the NWS and UCAR (University Corporation for 

Atmospheric Research), provides financial support to universities for collaborative 

research projects with NWS offices (http://www.comet.ucar.edu/). Some COMET 

projects have been connected with flash floods, e.g., in the summer of 2000, WFO 

Birmingham, in conjunction with NASA/MSFC (National Aeronautics and Space 

Administration / Marshall Space Flight center) and UAH (University of Alabama in 

Huntsville), embarked upon a three-year COMET Co-operative project (COMET, 2000). 

One aspect of this was aimed at addressing one of the core areas of the NWS Strategic 

Plan (NOAA, 1999): improving detection and lead times in flash flood warnings 

(http://www.srh.noaa.gov/ssd/techmemo/sr222.htm). However, these projects did not 

explicitly involve distributed models (i.e., incorporating spatial variability) with semi-arid 

http://www.comet.ucar.edu/
http://www.srh.noaa.gov/ssd/techmemo/sr222.htm
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physics that can be used in the Southwest. Hence, a COMET project was funded in the 

summer of 2003 involving collaboration between the hydrologists at The University of 

Arizona, the hydrometeorologists/hydrologists at the Tucson NWS WFO, and the 

research scientists at the Tucson USDA-ARS-SWRC (United States Department of 

Agriculture - Agricultural Research Service - Southwest Watershed Research Center). 

This project specifically aimed at developing a site-specific flash flood forecasting model 

for the Western Region, so that the flood warnings given out could incorporate the 

forecast certainty with the probabilistic specification of reaching various critical water 

levels.  

A list of requirements was suggested for this site-specific model (COMET, 2003): 

 (1) Modular design to allow flexibility in sophistication, as per WFO needs and 

resources. 

 (2) Handle basins with a time of concentration up to 8hrs. 

 (3) Continuous model, with event-based capability where model can be initialized to 

existing conditions.  

 (4) Short time-step model, increment of 15 minutes or less. 

 (5) Model must have a well-documented calibration system that allows for relatively 

quick and satisfactory calibrations (individual basin calibrations must have an average 

time of 2-4 hours). 

 (6) Inputs appropriate to the model scale, including Quantitative Precipitation 

Forecasts (QPF). 

 (7) Ability for user to edit input. 
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 (8) Output: forecast guidance on which warnings can be based. Categorical forecasts 

at an absolute minimum. Observed, simulated, and forecast hydrographs, and 

precipitation plotted as inverted hyetographs were highly desirable. 

 (9) Model must be accessible from Advanced Weather Interactive Processing System 

(AWIPS) workstations (UNIX) and have user accessibility via a graphical user interface 

(GUI). The GUI should contain selections for all input parameters, with defaults for all 

applicable parameters. 

 (10) Model must permit multiple runs (not necessarily concurrently) with various input 

scenarios to obtain a range of contingency forecasts. 

 (11) Model must be capable of using radar precipitation input. 

In addition, further desirable requirements were suggested to the site-specific model, 

if possible: 

 (1) Routing available to combine sub-areas of small rivers with tributaries and 

confluences. 

 (2) Capability to adjust model for effects of land use change, i.e. fire. 

 (3) Snow accumulation and ablation model available for use if desired. 

 (4) Other outputs: confidence interval hydrographs; inundation maps. 

 (5) Be able to run model on past events for evaluation purposes. Including ability to 

toggle between Mean Areal Precipitation (MAP) along with total losses, or observed 

MAP along with past basin QPF (to enable visual QPF tracking while also viewing the 

differences between observed and forecasted hydrographs). This information is needed so 
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that WFO forecasters can assess the validity of forecasts based on past performance and 

to identify causes of poor past performance. 

 (6) A site-specific model that will work for all areas of the Western Region. While 

the development of some capabilities may need to be delayed, the model must be 

designed with enough flexibility to accommodate their development and assimilation. For 

example the model needs to be able to incorporate rain gage data in addition to or instead 

of radar precipitation estimates. 

1.1.6.1 Observations about recently available tools 

The site-specific model required for the COMET project needed a spatially 

distributed structure incorporating semi-arid physics, and fed with spatially distributed 

input. The selection of a suitable model was facilitated by earlier research studies into the 

suitability of different models to represent the specific hydrological conditions in the 

southwest U.S. Goodrich (1990) and Michaud (1992) developed and tested the event 

oriented model KINEROS2 (Kinematic Runoff and Erosion: Smith et al., 1995; 

Semmens et al., 2005, etc.; http://www.tucson.ars.ag.gov/kineros/) within the well-

instrumented Walnut Gulch (or WGEW) basin (Renard et al., 1993; 2007) in the 

southeast U.S. and found it to perform very well in small basins. The performance 

degraded for medium sized basins largely due to increased errors in the precipitation 

input to the model. Note that in Michaud (1992), the ‘medium-sized’ term has been used 

for the 150 km2 WGEW. However, according to Ponce (1989), this term is used for 

catchments less than 100 km2 in area. Similarly, he has used the term ‘small’ for 

catchments up to 2.5 km2 in area, noting that the literature has values ranging from 0.65 

http://www.tucson.ars.ag.gov/kineros/
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to 12.5 km2. In this current study, the WG11 catchment used with an area of 6.5 km2 is 

referred to as ‘small’. KINEROS2 has also been tested elsewhere (e.g. Nearing et al, 

2005 in Belgium). KINEROS2 is distributed and physically-based (mechanistic), and 

developed by the United States Department of Agriculture Agricultural Research Service 

(USDA-ARS). Note that the earlier version of KINEROS2 was called KINEROS. 

Spatially distributed models like KINEROS2 are associated with the difficult task of 

requiring distributed parameter files, impeding their timely and cost-effective use. 

However, recently, a geographic information system (GIS) based tool called the 

Automated Geospatial Watershed Assessment (AGWA, 

http://www.tucson.ars.ag.gov/agwa/; Semmens et al, 2005; Miller et al., 2007) tool has 

been developed and implemented to support the set-up and parameterization of 

KINEROS2 by the USDA-ARS-SWRC, in cooperation with the U.S. Environmental 

Protection Agency (EPA) Office of Research and Development and the University of 

Arizona. Within this GIS framework, the spatially-distributed data (DEM, land cover, 

soil etc.) are used to prepare the KINEROS2 parameter files. Based on a DEM layer and 

on a user-selected threshold drainage area, called the Channel, or Contributing Source 

Area (CSA), the basin is discretized into upland hillslope (or overland flow model 

element) and channel elements. Geometric shape, hydraulic and infiltration parameters 

are generated for each KINEROS2 plane using an areal-weighting scheme (Miller et al., 

2002).  

Potential sources of distributed high-resolution input for KINEROS2 could be 

satellite, gage or radar. Satellite precipitation estimates, while improving continuously, 

http://www.tucson.ars.ag.gov/agwa/
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are not yet of sufficiently high spatio-temporal resolution (e.g., Hong et al., 2004). Gage 

estimates, if available at sufficiently high spatial density, could be the most appropriate 

input. However, most of the southwestern US does not have raingage networks of 

sufficient density, hence requiring reliance on the comprehensive areal coverage provided 

by the NWS NEXt generation RADar Weather Surveillance Radar – 1988 Doppler 

(NEXRAD WSR-88D) system (Maddox et al, 2002) in the COMET project. This 

comprehensive coverage facilitates the easy deployment of a forecasting system based on 

KINEROS2 fed with radar input on many basins in the Southwest. 

The WSR-88D radar Digital Hybrid Reflectivity Scan (DHR) data is called a Level 

III Precipitation Product providing reflectivity and hence correspondingly derivable 

rainfall estimates on a polarimetric 1° × 1 km grid for every radar volume scan, out to a 

range of 230 km from the center of the grid. The variable radar rotational scan speed 

imparts variable duration timesteps, with the mean timestep being approximately around 

5 minutes. The data precision of this product is 0.5 dBZ (where Z denotes the 

reflectivities in mm6 m-3), typically over a range of values from -32 to +95 dBZ, which 

means 256 dBZ levels of possible values over each pixel. The DHR single hybrid layer 

product ( NEXRAD Radar Product ID # 32 ) improves over the previous base reflectivity 

product that contained reflectivity information at different elevation tilts/layers, and from 

which typically the lowest unobstructed single layer data is used (e.g., Morin et al, 2005). 

The DHR reflectivity is individually assigned for each surface pixel from the respective 

lowest unobstructed tilt possible. Data taken at the lowest radar elevation angle above 

each terrain pixel are identified as the hybrid scan bins, with two exceptions: 1) the 
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bottom of the radar beam must clear the terrain by at least 500 ft (150 m) and 2) the radar 

beam cannot be blocked by 50%, or more, at ranges beyond an intervening terrain 

obstruction. These constraints are partially illustrated in Fig. 1.5 (taken from Maddox et 

al, 2002). This sampled reflectivity height can range from the surface to 8 km Above 

Ground Level (AGL), but stems mostly from the four lowest-elevation tilts (O’Bannon, 

1997; Fulton et al., 1998). As compared to selecting a single unobstructed tilt in previous 

base reflectivity products, this hybrid tilt selection potentially decreases error due to the 

high elevation of the sampled reflectivity above the surface. This error in rain estimated 

to fall on the surface stems from sources like atmospheric evaporation etc acting on the 

falling rain. The DHR product has already undergone quality control steps like tilt test, 

spurious noise, reflectivity outliers and terrain blockage 

(http://www.wdtb.noaa.gov/courses/dloc/orientation/DLOC_Orientation.pdf). These 

quality controls produce better products by minimizing overestimation due to ground 

terrain caused by anomalous propagation and reducing the effects of beam blockage. The 

quality control algorithms do not account for below beam effects (wind, evaporation, 

coalescence) and non-uniform reflectivity-to-rainfall relationships within the radar 

coverage area. In addition, the quality control algorithms do not always account for bright 

band contamination, hail contamination and inaccuracies in the radar outages. A limited 

number of the above terms are discussed in subsection 3.1.1. The Tucson NWS WFO 

DHR archive started in 2003 and hence was used for the COMET project. 

http://www.wdtb.noaa.gov/courses/dloc/orientation/DLOC_Orientation.pdf
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Figure 1.6 (6): Elevation tilts selection method at each radar bin for rain estimates in 
the DHR product (From Maddox et al, 2002) 

 
 

For basins affected by wildfires, some hydrologic parameters recover slowly over 

time scales of years (Robichaud et al., 2000). Figure 1.6 shows an example of the results 

obtained by Canfield and Goodrich (2006) during investigations into some spatial 

element-scale model parameter recovery rates for the KINEROS2 model using a single-

objective deterministic optimization algorithm (SCE-UA; Duan et al 1992). While these 

rates are potentially different for different vegetation types in terms of the extent and the 

base time period, the USDA-ARS has a reasonable amount of confidence in them. Hence, 

they make a good starting point for temporally constraining the model parameters over 
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the recovery time period and can be refined following future studies over different 

vegetation types, thus being able to be incorporated into model-based forecasting. 

 

 

Figure 1.7 (7): Optimal hillslope roughness for events following the Cerro Grande 
fire plotted versus time (From Canfield and Goodrich, 2006) 
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1.2 Problem statement summary 

From subsection 1.1.4 on the need for quantitative model-based flash flood guidance, 

it is seen that while the WFOs do give site-specific guidance, the current use of areal rain 

estimates or accompanying models still have their disadvantages. The direct use of 

rainfall estimates for the guidance does not account for required features during the flash 

flood event like soil moisture/wetness and non-linear rainfall-runoff transformations that 

are usually available in corresponding hydrological models. the use of models. Even 

when models like SAC-SMA, CONT-API etc. are used by RFCs for streamflow 

forecasting in fast-reacting local basins, they are usually inadequate in the sense of not 

incorporating a spatially distributed structure incorporating the following semi-arid 

hydrological characteristics that make semi-arid flood-forecasting different from that in 

humid regions (Pilgrim et al, 1998):  

(1) The high spatiotemporal variability in rainfall means that corresponding fine 

resolution rainfall input to the model is required. For e.g., (a) Woolhiser (1986) found 

error in derived runoff distributions for a rainfall sampling interval of greater than 5 

minutes, and (b) Michaud and Sorooshian (1994) found underestimation of flood peaks 

by 50-60% on the mid-sized Walnut Gulch basin (and also used as a test basin in this 

project) with rainfall data coarser than 2 km. In general, they found simulated runoff to 

be greatly sensitive to space or time averaging.  

(2) As considered in this study, semi-arid soil surface runoff is mainly due to 

infiltration excess (Horton, 1933; Dunne, 1978; Kirkby, 1969; Beven, 2002), not 
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considering soil macropore effects, which is in contrast to the dominant saturation-excess 

mechanism occurring in humid regions. In addition, a partial area contribution behavior 

(similar to humid regons) where only small basin portions contribute to storm runoff 

might allow a saturation excess modeling mechanism.  This does not mean complete 

saturation of soil profile, but that primary infiltration control is at some depth into soil 

(Candela et al, 2005).  

(3) Streamflow infiltrates into the beds of channels formed in alluvial sediments, 

forming significant transmission losses (e.g., Michaud, 1992; Goodrich et al., 2004).  

The use of the semi-arid physics-based spatially distributed KINEROS2 model 

structure with the DHR precipitation input for quantitative model-based flash flood 

guidance then has a very good potential to fulfill the list of requirements of the COMET 

(2003) project, and is explored is this study. While the DHR radar precipitation input 

would provide the required fine spatiotemporal resolution rainfall input, the hydrological 

process equations in the KINEROS2 model structure incorporate the infiltration-excess 

surface runoff and channel transmission loss mechanisms. Also, the two vertical layer 

configuration option in KINEROS2 allows for some form of the partial area contribution 

behavior. 
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1.3 Scope and objectives of this dissertation 

In summary, the COMET project had the following hypothesis: “A site-specific 

model for the Western Region (Western slopes of the Rocky Mountains down to the 

Pacific Ocean) providing specific hydrologic flash flood forecasts would greatly improve 

services of the NWS and reduce potential loss of life and property.” 

In accordance with this hypothesis, the main objective of this study was to “develop 

& test a quantitative model-based flash flood forecasting system for basins at the site-

specific scale for use by the NWS WFOs in the semi-arid Southwest United States based 

on the KINEROS2 model and the DHR radar precipitation product”.  

Specific objectives of this study towards the main objective stated above then were: 

1. Recode the KINEROS2 model from event-based to a continuous-time mode-

based architecture suitable for in real-time forecasting. The internet-available KINEROS2 

code (http://www.tucson.ars.ag.gov/kineros/ ) is a procedural paradigm-based Fortran 77 

code with outer space and inner time looping (i.e., space-time loop). This looping needs 

to be reversed for real-time forecasting. The KINEROS2 equations follow a Markov 

process, where the state in a Markov process at a time instant by definition depends only 

on the states at the previous time instant and the inputs & outputs during the current time 

interval. Hence, it is possible to convert the KINEROS2 model architecture from a space-

time to a time-space loop. 

2. Evaluate ability of current KINEROS2 model & apriori parameterization 

procedures in AGWA to give a satisfactory flash flood forecast performance. This 

evaluation would be a single output time series (i.e., not an ensemble prediction) from the 

http://www.tucson.ars.ag.gov/kineros/


 

44

deterministic KINEROS2 model. Deterministic models by definition have no random 

variables, i.e., for each unique set of input data the model will compute unique or fixed, 

repeatable results (e.g. Law and Kelton, 1982). 

3. If the performance of the current apriori parameterization procedures is 

unsatisfactory, then develop parameterization procedures to improve the model forecast 

performance. This would involve broad ranges through uncertainty considerations in the 

a priori estimates through AGWA. These estimates would be sought to be refined during 

the model calibration process, so that better identifiability of parameters would aid in 

generating forecasts with acceptable uncertainty bounds as desired by the NWS. Refining 

the a priori ranges of these estimates would also help long-term regionalization efforts.  

The wider applicability of KINEROS2 used in this study that is specifically targeted 

at the semi-arid Southwest, to locations and slightly different application contexts 

elsewhere should note some assumptions used in this study:   

(1) There is a general disconnection between surface and subsurface hydrology during 

flash floods, mainly due to small rainfall depths resulting in a shallow infiltration wetting 

front, and possibly also due to a deep groundwater table. The subsurface flow runoff 

coefficients are generally low from dry-soil storage (Beven, 2002) and hence neglected in 

KINEROS2 and this study. Specific cases might exist where these coefficients cannot be 

neglected, for example, the presence of a perched water table, providing a significant 

subsurface component (Wilcox et al, 1997; Taha et al, 1997).  

(2) For the extremely short durations of flash floods, the event duration 

evapotranspirative and hence vegetation effects can be neglected, as assumed in this 
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event-based study. For longer durations, vegetation density after a wet period can be a 

dominant spatially and temporally varying control (Pilgrim et al, 1988) on runoff 

generation in semi-arid areas where annual potential ET exceeds annual rainfall (Beven, 

2002).  

(3) In the context of this project, any simulation of the changing basin morphology is not 

considered. This morphological simulation, requiring sediment flux, can occur in 

sophisticated models:  in relatively rare large floods, flow controls morphology, while in 

frequent low floods, morphology controls flow (Shannon et al, 2002). 
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CHAPTER 2: LITERATURE REVIEW AND SOME INITIAL OPERATIONAL 

RESULTS OBTAINED 

2.1 Review of the relevant literature 

The following literature review is primarily concerned with studies related to semi-

arid rainfall-runoff modeling in natural catchments (i.e, not urban etc.) at short timescales 

related to those used in flash-flood forecasting, and preferably with some form of 

parameter and predictive sensitivity/uncertainty, watershed discretization, initial soil 

moisture, or rainfall input accuracy information included. The limited review is not 

exhaustive. 

Truschel and Campana (1983) calibrated the CELLMOD (Diskin and Simpson, 1978) 

conceptual storage model over ephemeral watersheds in Oklahoma, Texas and Arizona, 

against synthetic calibration data generated from a physically-based kinematic wave 

runoff model combined with Horton infiltration. The calibration developed relations 

between the CELLMOD cell-storage constants and combinations of influential hydraulic 

parameters of the other model. The event-based error criteria used between the observed 

and simulated hydrographs were (1) the normalized difference between the peak 

magnitudes, (2) the normalized maximum difference at any time, and (3) the normalized 

mean absolute deviation. These were combined together into an objective function with a 

greater weight on the 1st criterion mentioned above that was of greater concern. 

Validation run results showed poor simulation of peak runoff rates by CELLMOD. This 



 

47

failure was attributed to lack of spatially distributed rainfall inputs, of spatial variation in 

modeled infiltration properties, and of channel transmission losses in CELLMOD.  

Hughes and Beater (1989) compared two event-based conceptual models (OSE1 and 

OSE2) in both lumped and semi-distributed configurations over catchments with different 

physical characteristics, including arid to semi-arid catchments. The arid/semi-arid 

catchments spanned 8 to 150 km2 in size. While both models originate from the same 

parent model (IEM4: Hughes and Beater, 1987), the main difference lay in a simplistic 

accounting of channel losses with a simplified Hortonian runoff in the more complex 

OSE2 as compared to the OSE1 which used a simple rainfall excess procedure. The 

arid/semi-arid catchments around Tombstone were subject to a 5-minute modeling 

timestep. The event-based criteria used were the percentage errors in the simulated runoff 

volume and peak discharge, the Nash-Sutcliffe efficiency, and the coefficient of 

determination (i.e., correlation coefficient squared). For either model, both configurations 

perform similarly when the rainfall input is relatively spatially uniform. However, with 

spatially variable input, as is the characteristic of arid/semi-arid summertime convective 

thunderstorms, the semi-distributed models show improved performance.  Both models 

are seen to have similar performance, where the Tombstone catchments had the poorest 

results. However, this similarity in performance is achieved at the expense of consistency 

of parameter values for any catchment, e.g, For Tombstone catchments, calibrated 

parameter values using the simpler OSE1 were not necessarily meaningful. 

The KINEROS was used in Goodrich (1990) to test the hypothesis about maximum 

allowable size of overland flow elements to determine the level of geometric 
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simplification of the distributed model for accurate predictions. The study was conducted 

on basins with areas from 0.0036 to 6.31 km2 in the WGEW. Conclusions obtained 

include the stabilization of the channel to equilibrium storage ratio for deciding an 

acceptable basin discretization level in distributed modeling, and about the increase in 

non-linearity of the response with the increasing basin scale. Conclusion relevant to the 

current study were also obtained about the combination of ranges of runoff/rainfall ratios 

and the spatial scales for modeling small-scale infiltration variability, and about the 

excellent modeling results obtained in Goodrich (1990) after parsimonious calibration, 

contrary to the findings of Loague and Freeze (1985) and Loague (1990).  

Michaud (1992) and Michaud and Sorooshian (1994) attempted to use ALERT gage-

based data to test the performance of KINEROS in reproducing the rainfall-runoff 

transformation on a larger watershed scale than used by Goodrich (1990), i.e., on the 

entire WGEW with an area of 150 km2. The calibrated KINEROS gave insufficiently 

accurate performance when hydrograph shape descriptors like runoff volume and peak 

flow magnitude were inspected (standard estimation error was nearly 100% of the 

observed mean), though time to peak was well simulated. Surprisingly, the available a 

priori estimates of the KINEROS parameters gave performances similar to those by the 

calibrated parameters. Also, a calibrated distributed SCS model with a simple channel 

loss component was seen to have similar performance as KINEROS. The general poor 

model performance was seen to be due to the inadequate rainfall measurement sampling 

density, along with model sensitivity and non-linearity/dynamics. Also, the increased 

watershed scale was speculated to be the culprit, since KINEROS was seen to perform 
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well in Goodrich (1990). Additionally, these distributed models were seen to perform 

better with respect to the discharge event start time and peak time as compared to a 

lumped SCS curve number model.   

Studies like Syed (1994) which interpolated rain gage data into grid-based form, 

attempted to relate storm measures to watershed runoff on small to mid-sized watersheds. 

Of interest to the current study was the finding that the influence of initial soil moisture 

on predicted response was not generally consistent, and was moderately influential only 

for the scale of the entire WGEW.  

Goodrich et al (1994) used spatially distributed initial soil moisture contents for 

KINEROS estimated remotely from sources like the NASA push broom microwave 

radiometer (PBMR), an Institute of Radioengineering and Electronics (IRE) 

multifrequency radiometer, and three ground-based point methods. Either of these source 

estimates was seen to provide reasonable runoff predictions at the catchment scale of 

0.044 km2, while at the WG11 catchment scale of 6.31 km2, a basin-wide remotely 

sensed average estimate was sufficient for runoff simulations. They also found that at 

both catchment scales, adequate resources must be devoted to proper definition of the 

input rainfall to achieve reasonable runoff simulations.  

Faures et al (1995) used KINEROS to model the rainfall-runoff on the 0.044 km2 

Lucky Hills subcatchment in the WGEW, and found that even at this small scale, the 

uncertainty in representation of the spatial variability of rainfall (gage estimates were 

used in their study) can lead to large variations in modeled runoff. Using five recording 
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raingages, they found the coefficient of variation for peak rate and runoff volume to vary 

from 9 to 76%, and from 2 to 65% respectively, over eight observed storm events.  

Bathurst et al (1996) used the SHETRAm mechanistic model on a number of basins 

in Spain and Portugal at different scales (plot-scale to the 701 km2 Cobres basin, with the 

model grid scales also varying correspondingly upto 2 km squares). A trial-and-error 

calibration of the model parameters connected to the saturated hydraulic conductivities 

and overland flow roughness showed the hydraulic conductivities to be constant over 

different grid scales while the overland flow roughnesses showed slight increase over 

such larger scales.  

Coles et al (1997) used the TOPMODEL rainfall-runoff model (which includes 

components to predict both infiltration-excess and saturation-excess overland flows; 

Beven et al, 1995) on a number of small experimental agricultural basins (0.15-0.41 km2 

range) in the eastern wheatbelt of Western Australia. Mode simulations were found to be 

very sensitive to initial soil moisture conditions, in addition to surface soil properties 

including crusting and cracking. Also, some storms with high initial soil moisture could 

not be simulated successfully. However, better simulation of winter storms suggested the 

importance of saturation-excess overland flow mechanism in these basins.  

Conesa-Garcia and Alonso-Sarria (1997) applied a stochastic model for daily rainfall 

and runoff based on Markov transition matrices to the 44 km2 Algeciras basin in Spain. 

Since this model does not have a conceptual or mechanistic representation of the highly 

non-linear rainfall-runoff component but depends entirely on the rainfall and runoff 

observations, it might be accurate and basin-specific in its predictions, while at the same 
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time not providing much information and scientific understanding advancement about the 

rainfall-runoff hydrology.   

Goodrich et al (1997) applied two types of distributed rainfall-runoff models of 

differing complexity (complex model was KINEROS) to different catchment scales 

within the WGEW to investigate the scale-dependent nature of the watershed response. 

Among other findings, they noted the error in model estimates that can result due to 

rainfall input error, specifically when rainfall inputs from depth area-frequency 

relationships are applied beyond the area of typical storm coverage. 

Loague and Kyriakidis (1997) applied a distributed Horton rainfall-runoff model to 

test the sensitivity of the 0.1 km2 R-5 catchment (at Chickasha, Oklahama) to spatial 

discretization (which varied between 22 and 959 overland flow elements) and to variety 

of permeability fields stochastically generated using kriging interpolation of the 

permeability derived from infiltration measurements. They found the improvement in 

modeled runoff to be minimal as compared to earlier studies with the same inadequacy in 

model structure towards the results, and concluded the need to include both surface and 

subsurface runoff generation processes.    

Parsons et al (1997) applied a model with a simple rainfall excess infiltration 

component and with two-dimensional kinematic wave overland flow routing to a 

grassland plot over the WGEW. The model had a power law storage-discharge 

relationship with corresponding parameters that varied with percent cover in each grid 

cell model element. Despite a number of model modifications including making the 
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parameter values stochastic to represent parameter uncertainty, they were unable to 

successfully predict runoff in the plot. 

Meirovich et al (1998) conducted a stochastic modeling of basin-scale runoff for the 

Negev region of Israel that gives the event discharge, event volume, and arrival time 

distributions. They also obtained regional relationships between basin area and maximum 

discharge magnitude. While these relationships are useful for a frequency estimation of 

events at different magnitudes, they might still not be useful in finding the hydrographs 

(with confidence bounds) of individual events when the rainfall field is known. 

Syed (1999) examined the variations in KINEROS2 simulations in response to the 

variations in the geometric model definitions caused by grid size and accuracy of Digital 

Elevation Model (DEM) data sets. He found that it impacts the KINEROS2 mainly 

through its indirect impact on other parametric definitions than the direct effects due to 

pure geometric changes.  

Miller (2002) attempted to provide a coherent examination of the uncertainty in the 

simulated runoff resulting from input GIS data and landscape representation. He 

investigated the effects of geometric simplification and corresponding information 

entropy loss on distributed model predictions using KINEROS over a range of 50 

watershed sizes from 5 to 100 km2. For small watersheds, the sensitivity to landscape 

variability was found to range from sensitive to insignificant when the corresponding 

rainfall input to range from small to large. For large watersheds, the model simulations 

were found to be sensitive to landscape variability for all rainfall input sizes, with more 

that small rainfall inputs on small basins would effect model predictions. He also 
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investigated the effects of land cover misclassification in the NALC land cover dataset on 

hydrologic modeling uncertainty, which was found to be more affected in case of larger 

watersheds and smaller inputs. 

Morin et al (2006) extracted the spatial rainfall information of air mass thunderstorms 

to create circular Gaussian element rain cell models which give information about their 

characteristics like the maximum cell intensity and spread parameters. In linking this 

modeled rain field to the modeled watershed response, the sensitivity to both the above 

rain field parameters was found to be relatively high with higher sensitivity to the spread 

parameter. 

Summing up, semi-arid rainfall-runoff modeling studies where the different 

uncertainty sources have been comprehensively considered to find the resultant model 

predictive uncertainty, are seen to be few and far between.  
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2.2 The setup 

Spatially distributed dynamic rainfall-runoff models require preprocessing 

components that provide spatially distributed model parameters and the spatio-temporally 

distributed model input. The modelling run setup in this study consists of 3 components: 

The KINEROS2 rainfall-runoff model and its data pre-processors (see setup Figure 2.1): 

the GIS-based Automated Geospatial Watershed Assessment tool (AGWA) that 

preprocesses model parameters, and the AMBER algorithm that performs the Z-R 

conversion. Each component is briefly described in the following subsections. 
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Figure 2.1 (8): Modeling run setup shown for an example basin 
 

 

2.2.1 The KINEROS2 rainfall-runoff model 

KINEROS2 (Woolhiser et al., 1990; Smith et al., 1995; Semmens et al. 2005; 

Goodrich et al., 2006; http://www.tucson.ars.ag.gov/kineros/) is an event oriented, 

distributed, physically-based model developed by the USDA-ARS to simulate the runoff 

response in basins characterized by predominantly overland flow. The kinematic wave 

equation routing method used in KINEROS2 is an excellent approximation for most 

http://www.tucson.ars.ag.gov/kineros/
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overland flow conditions (Woolhiser and Liggett, 1967; Morris and Woolhiser, 1980). 

These equations are simplifications of the de Saint Venant equations, and hence do not 

take into account backwater and diffusive wave attenuation like the more complex 

equations.  Attenuations in kinematic routing occur from shocks or from spatially 

variable infiltration.  KINEROS2 solves the kinematic wave equations using a four-point 

implicit finite difference method. A solution is obtained by Newton's method (sometimes 

referred to as the Newton-Raphson technique).  While the solution is unconditionally 

stable in a linear sense, the accuracy is highly dependent on the size of x (spatial finite 

difference) and t (temporal finite difference) values used.  The difference scheme is 

nominally of first order accuracy. 

Other equations in KINEROS2 simulate interception, dynamic infiltration and 

infiltration-excess surface runoff, with flow routed downstream using a finite difference 

solution of the one-dimensional kinematic wave equations over a basin conceptualized as 

a cascade of planes (hillslopes) and channels (Figure 2.2). The infiltration-excess surface 

runoff mechanism that is predominant in semi-arid regions (Horton, 1933; Dunne, 1978; 

Kirkby, 1969; Beven, 2002) occurs when the rainfall rate which exceeds the infiltrability 

of the soil at the surface. KINEROS2 uses the Parlange 3-parameter infiltration equation 

(Parlange et al, 1982) as an approximation to the Richard’s equation. This infiltration 

equation is implemented as a dynamic infiltration algorithm interacting with both rainfall 

and surface runoff in transit (Figure 2.3). This algorithm also allows for the inclusion of 

transmission losses, which is essential to modeling semiarid ephemeral streams. 
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Figure 2.2 (9): An example basin conceptualized in KINEROS2 as a cascade of 
plane (hillslope) and channel elements (from Goodrich et al, 2002) 

 

 

Figure 2.3 (10): Dynamic infiltration algorithm of KINEROS2 (on right) vs. a simple 
rainfall excess abstraction algorithm (on left) (from 

http://www.tucson.ars.ag.gov/kineros/) 

http://www.tucson.ars.ag.gov/kineros/
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Microtopographic relief on upland surfaces that can significantly determine 

hydrograph shape (Woolhiser et al, 1996), is represented by a plane-transverse sawtooth 

relief geometry with a maximum relief (or rill) depth and mean spacing between these 

rills. Additional features in KINEROS2 include the ability to model compound channels 

with overbank levels at which hydraulic and infiltration parameters can differ from those 

in the main section (for example when a smaller channel is incised within a larger flood 

plane or swale), a user-specifiable constant baseflow, and specification of even two layers 

as necessary in the soil profile as against the default single layer configuration used. This 

two-layer configuration allows a partial area contribution behavior where the saturation 

excess runoff mechanism occurs by soil filling when a soil layer deeper in the soil 

restricts downward flow and the surface layer fills its available porosity (e.g., a shallow 

soil layer over a rock or near impervious lower layer). 

KINEROS2 also simulates the recovery of infiltrability during intervening periods 

between more than one period of runoff-producing rainfall in rainfall events (Smith et al., 

1993; Corradini et al., 1994).  KINEROS2 accounts for small-scale spatial variability 

through a coefficient of variation of the soil surface saturated hydraulic conductivity over 

each model plane element (Smith and Goodrich, 2000). In addition, because the 

trapezoidal channel shape simplification introduces significant error in the area of 

channel covered by water at low flow rates (Unkrich and Osborn, 1987), an empirical 

expression is used to estimate an "effective wetted perimeter" using a coefficient on the 

wetted channel area called the “Woolhiser” coefficient. The effect of vegetation is limited 

to interception (i.e., no evapotranspiration) and this interception is simplistically 
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controlled by two parameters: the interception depth and the fraction of the surface 

covered by intercepting vegetation. A detailed description of KINEROS2 is given in 

Semmens et al (2005). KINEROS2 has been successfully applied to small and mid-sized 

watersheds in the southwest US (e.g., Goodrich, 1990 and Michaud, 1992) and elsewhere 

(e.g. Nearing et al, 2005 in Belgium). 

 

2.2.1.1 Recoding of KINEROS2 

The internet-available KINEROS2 is a procedural paradigm-based Fortran 77 code 

with outer space and inner time (i.e., space-time) looping. This original code had the 

memory limitation of a maximum compiled program size of 640 KB imposed by the 

original MS-DOS operating system. It also needed to handle an unlimited number of 

model elements. These requirements were handled through 3 design features: of 

sequential processing of the AGWA-generated downstream-direction-order parameter 

file elements, of space-time looping during the model execution, and of a ‘revolving 

door’ scheme of specific array management. The 1st feature obviated the need for Fortran 

77 fixed-size arrays to store element information, while the 2nd feature meant that for the 

currently modeled element, only the prior timestep values need to be carried over to the 

next timestep. The 3rd feature meant that for each element, the computed outflow 

timeseries values immediately occupy locations in a single, fixed-length array memory 

just vacated by the inflow timeseries values to that element. All three design features 

addressed the memory limitation, while the need to handle an unlimited number of 

elements was handled by design features one and two. Although this original KINEROS2 
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code had well-defined components, those components were designed to be parts of a 

monolithic whole and not to function independently.  

For real-time forecasting in the COMET project, KINEROS2 was recoded from the 

original space-time to an outer time and inner space loop (i.e., time-space) configuration. 

This restructuring, performed jointly by the USDA-ARS and the University of Arizona, 

exploited current advances in computing resources and the use of FORTRAN 90/95 that 

supports object-oriented programming. The present changes in the KINEROS2 code were 

motivated by three reasons: 

[1] the availability of huge power and memory resources of today’s computers,  

[2] the advanced features of the new Fortran 90/95 standard which allow a basic 

object-oriented programming approach, and  

[3] the monolithic nature of the original KINEROS2 code.   

The new code has a library of self-contained modules, each representing a single 

hydrologic process or model element, and each of these modules consist of data structure 

objects and procedures. Objects are declared by the module, and hold parameter values 

and internal state variables between time-steps. The procedures perform different 

functions like creating and initializing objects, freeing allocated memory when an object 

is no longer needed, assigning parameter values based on the parameter file, advancing 

computations by one timestep, allocating arrays of data structure objects, access array 

objects through a proxy indices into the arrays etc. Additional utility modules support 

backward compatibility. This new design thus becomes extensible for incorporating 

required extra hydrological processes in the future. The self-contained modules can also 
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be easily incorporated into other programs. The module library use by non-Fortran-based 

applications, especially almost all graphical user interface development products, is 

simplified by features like array object access through proxy indices and restriction of 

procedural argument data types. KINEROS2 recoding is discussed in more detail in 

Goodrich et al. (2006). A few bugs in the original code were fixed, and subtle changes 

were made from the original code, some of which are listed below: 

[1] In the earlier code, both planes and channel elements in the earlier code were 

divided into spatial nodes such that the number of these nodes was between 5 & 15. In 

the new code, this upper limit of 15 spatial nodes is removed to prevent large distances 

between nodes when considering large channel lengths in mid-sized or larger basins.  

[2] The recoded KINEROS2 was seen to display memory leaks. This becomes 

important when doing multiple KINEROS2 runs, for example in a Monte-Carlo 

framework, where the execution terminated after a certain number of runs. This 

termination happened when the accumulating memory leakage exceeded the total 

available system swap memory. These memory leaks were plugged. 

For this study, an additional module in the KINEROS2 code driver combined the 

radar pixel rainfall estimates from the AMBER algorithm with the spatial weights file 

from AGWA to generate the KINEROS2 -required elemental rainfall inputs (Figure 2.1). 

 

2.2.2 The AGWA GIS tool 

The Automated Geospatial Watershed Assessment Tool (AGWA: 

http://www.tucson.ars.ag.gov/agwa/; Semmens et al, 2005; Miller et al., 2007) was 

http://www.tucson.ars.ag.gov/agwa/
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developed as a collaborative effort between the USDA-ARS SWRC, the U.S. 

Environmental Protection Agency’s Office of Research and Development, and the 

University of Arizona. AGWA is a simple, direct, transparent, and repeatable GIS 

framework within which spatially-distributed data (DEM, land cover, soil etc.) are 

collected and used to prepare the parameter file for KINEROS2. Based on a DEM layer 

and on a user-selected threshold drainage area, called the Channel, or Contributing 

Source Area (CSA), the basin is discretized into upland hillslope (or overland plane) and 

channel elements as a function of the stream network density. Geometric shape, hydraulic 

and infiltration parameters are generated for each KINEROS2 plane using an area-

weighting scheme to determine an average elemental parameter value (Miller et al., 

2002).  

The present study was started with AGWA version 1.4.2, however it was found to 

have some bugs, for example, the lengths and widths of some plane elements were 

switched because the longest plane element dimension was automatically assumed as the 

length. Hence, AGWA version 1.5 accordingly released was finally used. This version 

incorporated the improved roughness values by Canfield and Goodrich (2006). The 

customization to the COMET project of this version provided by Soren Scott of the 

USDA-ARS-SWRC had the extra feature that used the radar polarimetric grid shapefile 

(from the AMBER ArcView extension or AMBERGIS) and AGWA-created plane 

element geometries to generate the spatial weights information file for KINEROS2 

(Figure 2.1). 
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2.2.3 The AMBER rain estimation algorithm 

The NWS’ Areal Mean Basin Estimated Rainfall (AMBER) algorithm 

(http://www.erh.noaa.gov/er/rnk/amber/) computes mean accumulated areal rainfall rates 

(R, [mm/hr]) for small basins from the sampled volume reflectivities (Z, [mm6 m-3]) of 

the DHR data from the WSR-88D radar. AMBER has user-selected parameters, which 

include the Z–R relationship parameters and the upper hail threshold. This relationship 

assumes a power-law form (Z=aRb) where a and b are dimensionless empirical 

parameters. The hail threshold is a simplistic upper threshold applied to the estimated rain 

intensity for reducing unreasonably large estimates caused by hail cores in thunderstorms 

(Krajewski and Smith, 2002), since it is very difficult to estimate this threshold from 

simple measurements of atmospheric temperature, pressure etc. The FFMP display used 

in flood warnings (section 1.1.3) is based on the AMBER algorithm. Both AMBER and 

FFMP are based on the Area-Time Integral (or ATI; Doneaud et al, 1984; Lopez et al, 

1989) methodology, which uses temporally and spatially integrated rainfall over basins. 

This study customized AMBER to provide radar pixel rainfall estimates to 

KINEROS2 (Figure 2.1), under the guidance of Paul Jendrowski of NOAA/NWS. The 

shape files for the AGWA-required polarimetric radar grid were generated by the 

AMBER ArcView extension. 

http://www.erh.noaa.gov/er/rnk/amber/
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2.3 The operational version of the system and some forecast performance observations 

2.3.1 A description of the system used 

To make flood forecasting user-friendly, a graphical user interface (GUI) was 

developed by Carl Unkrich of the USDA-ARS by using approximately the same set of 

programs as described in section 2.1, except that instead of the AMBER algorithm, a 

modified version of the FFMP (refer section 1.1.3) DHR data decoder was used to extract 

pixel rainfall rates from the DHR product (the FFMP is based on the AMBER algorithm). 

This GUI was written in the Delphi development environment, which is based on object-

oriented Pascal. The GUI was deployed on a PC within the Advanced Weather 

Interactive Processing System (AWIPS) network at the Tucson NWS since the latter part 

of the 2005 monsoon season, and is shown in action during the summer 2006 forecasting 

season over the Sabino Creek basin near Tucson (Figure 2.4). Sabino Creek near Tucson 

is among the basins selected in the COMET project for deployment of the site-specific 

model (Figure 2.5). The co-ordinates of the Tucson radar (denoted as KEMX) situated at 

the center of the radar coverage area shown in Figure 2.5 are 31˚53`37” N and 

110˚37`49” W (NAD1983 datum) 

(http://www5.ncdc.noaa.gov/oa/radar/radarinventoriesstnhistory.html). 

http://www5.ncdc.noaa.gov/oa/radar/radarinventoriesstnhistory.html
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Sabino Creek - KINEROS Site Specific Forecast Model
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Figure 2.4 (11): The COMET-developed flash-forecasting system interface in action 
over the Sabino Creek basin near Tucson during the 2006 monsoon season  
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Figure 2.5 (12): Test and forecast point (FP) basins used in the project. The FP are 
for operational deployment, and Walnut Gulch is a test basin. 

 

 

The FFMP DHR data decoder works by reading an alphanumeric text block attached 

to the end of the binary DHR file.  This alphanumeric block has all the radar parameters 

needed like the Z–R relationship parameters and the upper hail threshold (or cap) rate to 

calculate rainfall rates. FFMP sums those rainfall rates into basin-averaged accumulations 

over various time periods. Each DHR file is approximately of size 86k, which depends on 

the build of the Open Systems Radar Product Generator (ORPG) deployed at the local 

NWS office that generates the DHR product. 
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The GUI includes an audible alarm capability to alert the forecaster when the 

maximum predicted stage level exceeds the selected critical stage or stages. The taskbar 

button also flashes to identify the watershed that is in an alarm mode when multiple 

watersheds are running on the same PC. The rainfall graph shows both accumulation and 

intensity, with current accumulation shown in red. The runoff graph shows stage and 

equivalent discharge rate, and indicates the peak stage (discharge) and time of peak in 

red.  A snapshot of the GUI at a given instant could be printed directly or saved as a 

windows metafile, or snapshots can be automatically saved at regular intervals.  Note that 

the snapshots do not show the scrollbar across the bottom, and in Figure 2.4, the graph 

window has in fact been scrolled back to show the peak flow (current time is indicated by 

a vertical black line which is out of view to the left). 

When this GUI-based forecasting system is started, an initial window asks the user to 

specify the following options: 

1. Initial condition: This can be ‘Very Dry’, ‘Dry’, ‘Wet’, or ‘Very Wet’, which 

corresponds to 20%, 40%, 60%, or 80% of the soil pore space filled. This 

specification of initial conditions is used for KINEROS2 running in an event-based 

mode at the forecast office.  

2. Baseflow: Used when there is interstorm flow present in the main channel stem of the 

watershed. 

3. Archived vs. real time run: Using this option, past events can be evaluated or used for 

training purposes. The only difference between these two is that the archived run does 

not search for additional incoming files when the existing files in the input directory 
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are processed, while the real-time runs periodically search for new input DHR files 

added to the directory.  

4. Current time start vs. past time start:  This option is used in real-time forecasting, 

when the forecasting system is started after rainfall has commenced.  It allows the 

program to start at an earlier time and ‘catch up’. 

5. Auto-save: If checked, saves images once per hour. 

 

2.3.2 The manual expert calibration procedure 

Expert manual calibration was performed on the Sabino basin by Carl Unkrich of the 

USDA-ARS-SWRC to obtain a “best” set of parameters. This manual calibration 

procedure generally starts with a visual inspection of how the simulated hydrograph 

differs from the measurements (or observations).  While changing the parameter values, 

they were constrained within bounds decided as reasonable, weighted by the level of 

confidence in original a priori values (i.e., a sort of penalty function approach for 

deviation away from the a priori model parameters).  This corresponds with the Level 

Zero ‘qualitative analysis’ used by NWS hydrologists in manual calibration for flood 

forecasting, as one of the Levels Zero, One and Two in the manual calibration process 

(Boyle, Gupta and Sorooshian; 2000). Level Zero specifies feasible ranges and nominal 

values based on theoretical considerations, regional estimates, lookup tables, databases, 

maps etc.  

As few parameters as possible are sought to be modified during the whole procedure. 

So, the parameters to be changed first would be those where the hydrologist would have 
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the least confidence in, and that would have the greatest potential impact on the 

hydrograph, as per past experience. This corresponds to the Level One ‘behavioral 

analysis’ done at the NWS to estimate parameters by isolating and examining particular 

segments of the input-state-output response. Infiltration parameters tend to have a high 

uncertainty, the soil saturated hydraulic conductivity ( ) are commonly perturbed to 

adjust the total flow volume, while the soil net capillary drive (G) and/or the initial soil 

moisture (SAT) are used to adjust the simulated peak flow rate. Manning's roughness (n) 

is an obvious choice for hydrograph start/peak timing.  

sK

In perturbing these parameters, interactions are also considered. For example, n will 

interact with , G and SAT by changing the time of the opportunity for infiltration. 

 Parameters also have to make sense relative to each other, e.g. a large Ks usually means 

a small G and vice versa (empirically shown in Goodrich, 1990). Considering interactions 

corresponds to a Level Two ‘regression’ procedure used by NWS hydrologists to match 

the total model response to observed data. Thus, for semi-arid regions, the Level One and 

Level Two procedures usually go hand-in-hand. However, the hydrologist may still 

temporarily pursue unreasonable values just to see if it's even possible to obtain a decent 

simulation, and if so, look for possible explanations.  For example, unreasonably n values 

that give good simulations may indicate that plane and/or channel lengths and slopes are 

unrealistic. 

sK
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2.3.3 Observations about the forecast performance 

In testing the manually calibrated KINEROS2 during the summer 2006 forecasting 

season over the Sabino Creek basin, the results were highly variable. The model 

performed very well on some events (mostly small ones), while it did not perform 

adequately on others (mostly bigger events where the flash-flood forecasts really 

mattered).  

For example, before the sequence of wet days July 26-31, 2006 with a series of huge 

storms, the forecasting model for the Sabino basin was configured with changes to the 

default a priori parameter file from AGWA that included a baseflow specification, 

changes to the Manning’s surface roughness values, and including a two-layer 

configuration for the channels with the bottom layer impervious. This was done to 

account for underpredictions by KINEROS2 for the low flows observed prior to these 

dates during the 2006 summer forecasting season. For the July 28, 2006 storm, the GUI 

was started with wet initial conditions as observed, with the input rainfall rates derived 

using the standard NWS WSR-88D Z-R relationship (i.e., dimensionless empirical 

parameters set as a = 300 and b = 1.4 in the power-law relationship Z=aRb). The NWS 

reported the radar estimates as being quite good for this event. The USGS observations 

showed a peak of 2.70 feet or 0.82 m (i.e., 920 cfs or 26.05 cms) at 1:45 a. m. local time 

with a zero flow of 0.92 feet or 0.28 m (i.e., the effective peak flow depth is 2.70-

0.92=1.78 feet or 0.54 m), while the model results showed a peak flow depth of 2.04 feet 

or 0.62 m at 1:52 a. m. The peak magnitude and timing characteristics were hence seen to 

match well for this event.  
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Most events needed some adjustments to the parameter sets, since the existing set of 

model parameters did not give good model performance. For example, significant flows 

occurred in this basin during the overnight period of July 29, 2006 (approximately 9,000 

cfs peak followed by an approximately 11,000 cfs peak), that compared to the record 

flow in 1999 of around 15,000 cfs. Both event peaks used the parameter set earlier 

described for the event on July 28, 2006. However, the model-simulated peak flows were 

below either the bankfull or flood stage, as opposed to the USGS observations which 

crossed the moderate flood stage in Figure 2.4. According to NWS estimates, this puts 

the predictions off by around 6,000 to 9,000 cfs. After this event, the main additional 

changes included to the KINEROS2 model parameter file included having the 2-layer 

configuration for the overland planes (i.e., hillslopes) as well.   

Summarizing, the two main problems connected with this operational deterministic 

forecasting system were:   

1. The parameter sets had to be frequently recalibrated for different storms, and 

2. Especially over severe storms and consequent large discharge events, where the 

discharges mattered more for accurate operational flash-flood forecasting purposes, 

the predictions were very inaccurate. 

These observations in the operational system pointed out the need for a detailed study 

of the uncertainty associated with operational flash-flood forecasting. For example, one 

speculation by NWS forecasters was that the radar rain estimates using the standard NWS 

Z-R relationship were always underestimating as compared to the gage observations. 

Also, potential improvements using automatic calibration over expert manual calibration 
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were seen, with a possibility of recursive updating of parameter estimates in accordance 

with new incoming event information. Therefore, a detailed study was performed over a 

small test sub-basin in the Walnut Gulch watershed to investigate the effects of 

operational uncertainties on flash-flood forecasting uncertainty. This uncertainty-based 

study is described in detail in the next chapter. 
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CHAPTER 3: INVESTIGATING OPERATIONAL UNCERTAINTY IN SEMI-ARID 

FLASH FLOOD FORECASTING OVER A SMALL BASIN 

In this chapter, the predictive utility of a semi-arid model-based flash flood 

forecasting system under the influence of different sources of operational uncertainty is 

investigated. The system is based on high resolution rainfall input from the DHR data 

into the KINEROS2 model. Considering the different uncertainty sources to calculate the 

predictive uncertainty conforms to the specific AHPS objective of incorporating new 

techniques for quantifying forecast certainty and conveying this information in products 

which specify the probability of reaching various water levels (NWS, 2002). 

Since high-density rain gage data was available for the study basin (Goodrich et al., 

2007), the system was tested using gage estimates of rainfall also in addition to radar 

estimates of rainfall for eight summertime convective thunderstorm events occurring over 

a sub-basin of the semi-arid Walnut Gulch Experimental Watershed (WGEW) near 

Tombstone, Arizona (Renard et al., 1993; 2007). To include both recursive updating of 

new events and calibration in an uncertainty framework, a suitable approach based on the 

Generalized Likelihood Uncertainty Estimation framework (GLUE; Beven and Binley, 

1992) is used. This framework was chosen because it is quick and easy to set up 

operationally for updating with incoming event data. A variance-based global sensitivity 

analysis is applied to explore the influence of operationally encountered uncertainties 

from sources like rainfall forcing, initial conditions and model parameters on uncertainty 

in the estimated streamflow. 
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3.1 Possible sources of uncertainty in semi-arid flash flood modeling 

The following sub sections discuss the effects of uncertainty sources that contribute to 

difficulties in flash flood forecasting, including: (a) the rainfall forcing, (b) initial soil 

moisture, and (c) the spatial distribution of model parameter values. The important 

overall question is: “How reliable can a semi-arid region flash flood forecasting model be 

in the face of the compounding effects of these uncertainties”? The corresponding 

hypothesis tested then is: 

“Given operational uncertainties in the radar rain estimates, model parameters and 

initial conditions, the predictive uncertainties in semi-arid flash-flood model-based 

forecasting would be within desirable bounds that are low enough to significantly 

improve the timely issuance and cancellation of flood warnings and alarms.” 

This hypothesis if true would conform to the AHPS initiative’s major objectives of 

improvement of forecast accuracy and the provision of more specific and timely 

information on flash floods (NWS, 2002). It also directly addresses the core areas of the 

NWS Strategic Plan (NOAA, 1999) about improving detection and lead times in flash-

flood warnings, and would reduce false alarms. 

 

3.1.1 Error in the rainfall estimates 

Errors in rainfall estimates can dominate the uncertainty in the modeled semi-arid 

runoff response (Goodrich et al., 1994). The model can magnify the effects of rain 

measurement errors, particularly as surface runoff rates decrease with increasing basin 
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size due to increasing partiality in storm areal coverage of the basin and increasing 

channel infiltration losses (Goodrich, 1990; Goodrich et al., 1997). Errors often arise due 

to inaccurate spatio-temporal representation and volume bias of rainfall estimates. Taken 

together, these input errors are often assumed to be one of the main sources of error in the 

semi-arid flood model predictions. 

Since spatio-temporal rainfall variability significantly affects the semi-arid model 

response (e.g., Woolhiser, 1986; Michaud and Sorooshian, 1994; Faurès et al., 1995), an 

adequate model forcing therefore requires high-resolution estimates.  Satellite 

precipitation estimates, while improving continuously, are not yet of sufficiently high 

spatio-temporal resolution, for example, the PERSIANN-CCS product (Precipitation 

Estimation from Remotely Sensed Imagery Using Artificial Neural Network - Cloud 

Classification System) developed by Hong et al. (2004). Hence, the possible options of 

sources providing high-resolution rainfall estimates are mostly dense rain gage networks at 

the land surface, radar coverages having sufficiently high resolution, or numerical 

weather prediction models providing high-resolution QPFs at the land surface. Out of 

these, rain gage networks of sufficient density are not present in most of the southwestern 

US (even ALERT systems with a high gage density of 1 gage per km2 are not sufficiently 

dense enough, since even a spatial resolution of 4 km X 4 km of rainfall estimates may 

not provide reliable rainfall-runoff forecasts according to Michaud [1992]). Also, 

sophisticated systems of fine-resolution numerical weather prediction models usually do 

not exist operationally. Hence, the comprehensive areal coverage provided by the NWS) 

NEXRAD WSR-88D system products like the DHR product (Maddox et al, 2002) make 
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them the most favorable candidates for being used a input to a semi-arid flash-flood 

model. 

Volume biases in rainfall estimates could impact the simulated runoff response more 

than the biases in spatial variability (Faures et al, 1995).  In operational practice, 

summertime convective rainfall estimates are derived from radar reflectivity data using a 

standardized NWS Z-R (reflectivity-rain) power-law relationship (Fulton et al., 1998), 

i.e., “a = 300” and “b = 1.4” in Z=aRb. These radar rain estimates are often too high for 

intense convective storms (e.g., Crosson et al., 1996). Specifically for the case of semi-

arid summertime convective storms, Morin et al. (2005) suggested a re-calibration of the 

Z-R relationship power law parameters to local semi-arid conditions, based on finding 

overpredicted rainfall estimates for the WGEW using the NWS Z-R relationship. This 

closely agrees with the findings of Hardegree et al (2003) in nearby Tucson having the 

same climatic conditions, where NEXRAD hourly-rainfall radar precipitation estimates at 

4-km2 resolution were used. Hence, recent research suggests that the resultant rainfall 

estimates are often too high for semi-arid convective storms. In addition to this average 

volume (or field or depth) bias in the radar rainfall estimates across events, the high 

variability in individual storm event biases can also be significant. For example, Morin et 

al. (2005) adjusted the multiplicative “a” parameter in the NWS Z-R relationship to 

obtain an average value of a=655 for 13 individual storms over the entire WGEW, but 

also found that this parameter could have significant variation depending on the storm 

considered. As a result, they obtained a significant range of 0.58-1.8 in ratios of basin-

averaged storm depth estimates against corresponding gage values, where the calibration 
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procedure removed total storm depth bias across all storms. This could significantly 

affect local operational forecasts for semi-arid conditions which typically account only 

for different storm types (e.g. summer convective versus winter stratiform) through 

corresponding values for parameters “a” and “b”, and neglect variations in values of these 

parameters from storm to storm. 

 Imperfections in the sampled radar reflectivity causing measurement contamination 

can affect both the estimated spatial variability and the volume of rainfall. These 

imperfections are due to phenomena that relate radar reflectivity factor seen at the surface 

radar site point to the sampled radar reflectivity aloft, like incomplete beam filling, 

evaporation below the cloud base, atmospheric updraft/downdrafts, bright band effects, 

hail contamination aloft, etc. (Krajewski and Smith, 2002). Among these, incomplete 

beam filling is due to the sampled reflectivity not completely occupying the beam cross-

section, resulting in a reduced reflectivity estimate. This shown in Figure 3.1 (from 

http://www.wdtb.noaa.gov/Courses/dloc/topic3/lesson1/Figures/Figure4.html), where 

radar beam “B” that is incompletely filled with the rainfall drops, estimates the 

reflectivity correctly as compared to radar beam “A” that is incompletely filled and hence 

results in a reduced reflectivity estimate due to averaging of that sampled reflectivity over 

the entire beam-cross-section. This incomplete filling can also occur due to partial terrain 

blockage at the lowest unobstructed tilt possible. 

http://www.wdtb.noaa.gov/Courses/dloc/topic3/lesson1/Figures/Figure4.html
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Figure 3.1 (13): Example figure showing incomplete beam filling due to radar beam 
“A” as against complete beam filling due to radar beam “B” 

 

Radar contamination due to evaporation below the cloud base results in decreased 

rain reaching the land surface, with similar contamination due to atmospheric 

updrafts/downdrafts. Bright band effects and hail contamination effects are related in this 

study. Bright band problems in radar measurements in general relate to the comparative 

reflectivity of particular object types, and in particular to the different physical states of 

precipitation here. Precipitation normally forms first as very small ice crystals at high 

levels in the atmosphere at temperatures below the freezing point of water for the 

pressure at that level. At some time during the descent, the snowflake begins to melt in 

response to warmer temperatures, starting from outside. Since water is approximately 9 

or 10 times as reflective as ice, this water coating on the highly reflective melting snow 

will give a more intense precipitation reading on the radar. This is the bright band effect, 

and occurs till the level where the melting snow completely becomes pure raindrops that 

are small and fall faster with resultant reduction in concentration and in the estimated 

reflectivities to more realistic values. Hail contamination can severely distort rainfall 
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estimates due the sixth power dependence of Z on drop diameter (Krajewski and Smith, 

2002) where the sampled radar reflectivities are heavily biased in favor of the maximum 

drop size in the sampled volume: hail cores tend to be large. This ironically affects even 

intense semi-arid summertime convective storms, sometimes more than for tropical 

convective storms. Such distortion does not have a simple dependency on sampling 

height or temperature aloft, and is difficult to determine in absence of detailed 

information about atmospheric stability, updraft/downdraft profile etc. (Robert A. 

Maddox, 2006, University of Arizona, Personal Communication). Especially for real-

time forecasting, this information is usually not available unless setups involving 

sophisticated semi-arid numerical weather prediction (NWP) models are used. Current 

best NWP models may still be of a coarse resolution, e.g., the North American Mesoscale 

Model (NAM) with outputs at 12 km and 3 hour resolution, with some other models in 

the pipeline at very low resolutions (4 km). However, even if they had been of tha 

adequate resolution, their skill can be very low in the warm season (Erik Pytlak, 2007, 

NOAA-NWS, Personal Communication). 

In light of the discussion above of the error causes in input estimates, an important 

research question is: “To what extent are model predictions of runoff affected by errors in 

observations of the spatial distribution and the volume biases of the rainfall input?”.  

Based on earlier studies mentioned above, the hypothesis tested is then: “The predictive 

uncertainty in semi-arid flash-flood forecasting is mostly due to operational volume bias 

uncertainties in the radar rain estimates, with errors in spatial distribution also making a 

significant contribution”. 
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3.1.2 Uncertainty in initial soil moisture estimates 

Soil moisture controls runoff generation via soil infiltration capacity and the 

connectivity of the surface and subsurface runoff pathways (Goodrich et al., 1994; 

Grayson and Bloeschl, 2000), influencing both hillslope overland flows and flow 

propagation in channels (White et al., 1997). Many semi-arid runoff generation studies 

have demonstrated a strong non-linear dependence of initial soil moisture on antecedent 

wetness (Nicolau et al., 1996; Beven, 2002). High initial semi-arid soil moisture in semi-

arid flash-flood hydrology could be due to short inter-storm periods which do not permit 

enough time to the soil surface for drying out. The recent July 31, 2006 highest discharge 

flow of record at Sabino Creek in Arizona (Magirl et al, 2007) was preceded by 

continuous soil wetting for five days with moist atmospheric conditions. With respect to 

the possibility of using a model spin-up, continuous models can be subjected to spin-up at 

the beginning of the simulation to temporally dissipate the effect of the possibly 

inaccurate prescribed initial states (e.g. soil moisture) on the model predictions. However, 

semi-arid event models have usually too short event time-spans for spin-up to be 

effective. Hence, model estimates of soil moisture states at the start of each storm event 

are required, either from field measurements or remotely sensed observations (with 

appropriate conversion to the horizontal and vertical model spatial element scale), or by 

using an appropriate inter-storm model that accounts for evaporation and transpiration 

losses that implies adequate accuracy in tracking soil moisture states between events. 
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Therefore, an important research question is: “How sensitive are model predictions of 

runoff to the specification of initial soil moisture conditions, and how complex must an 

inter-storm model be to meet this need?”  While many semi-arid rainfall-runoff studies 

have concluded that the initial soil moisture is influential (Goodrich et al., 1994; Nicolau 

et al., 1996; White et al., 1997; Grayson and Bloeschl, 2000; Beven, 2002), some studies 

have reported that this initial soil moisture is not consistent in its influence, especially for 

small basins near the scale of the WG11 sub-basin used in this study (Syed, 1994).The 

corresponding hypothesis tested is then “Uncertainty in the initial soil moisture estimates 

has an important contribution (atleast one-third or 33% as an arbitrary value) towards the 

total predictive uncertainty in semi-arid flash-flood forecasting.” 

 

3.1.3 Uncertainty in spatial distribution of parameter estimates 

Natural process nonlinearities, natural structural heterogeneities, scales, and model 

process representations, through their effects on parameter estimation, present the biggest 

hurdles to current distributed hydrologic modeling (Beven, 1995; Koren et al., 2004; 

Wagener and Gupta, 2005). The level of spatial and process complexity required for 

semi-arid flash-flood modeling is more than that required for humid regions where causal 

storms are often larger in spatial coverage (refer to subsections 1.1.2, 1.1.4 and 1.2). With 

respect to spatial complexity, regardless of the spatial explicitness of the distributed 

model used, some degree of spatial lumping to accommodate the heterogeneity is always 

required in representing real world processes (e.g., Wagener and Gupta, 2005). A 

distributed model structure with a specified degree of spatial complexity would have, for 



 

82

each spatial unit, the same difficulties that are associated with lumped modeling, i.e., 

process-based model equations, mostly derived at ‘point’ scale in the field, do not exactly 

reproduce real spatial ‘unit or lump’-scale behavior, and ‘point’ parameter measurements 

do not represent spatial ‘lump’-scale model parameters (e.g., Wagener and Gupta, 2005). 

This occurs because of current imperfect understanding of scaling procedures, possibly 

because of imperfect process understanding of model processes.  

The lumping of real world heterogeneity in the spatial model elements requires 

estimation of model parameters at the chosen scale. Obtaining these a priori spatially 

distributed estimates can involve considerable effort and expense. However, even when 

such estimates are available, uncertainties again arise due to incomplete process 

understanding and its corresponding representation at the model elemental scale, and the 

representativeness of estimates obtained at the measurement scale to the typically 

different model element scale (Wagener and Gupta, 2005). Hence, adjustments are 

usually required to these estimates for reliable model predictions, for example using an 

optimization strategy where the model simulations more closely match observations. This 

is typically done through an inverse process of model response calibration, which 

requires an estimate of the initial uncertainty of the parameters, an evaluation strategy to 

find the ‘closeness’ of the model behavior with the basin behavior, and an adjustment 

strategy on the parameters so that better ‘closeness’ matches are found (e.g. Boyle et al, 

2000). Since there exists no unique way in the evaluation strategy to quantify the required 

‘closeness’ (or even no unique outputs but a multiplicity of them, for example, land 

surface models as used by Bastidas et al, 1999), several criteria need to be considered. 
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Each of these criteria typically quantifies only a particular aspect of the model response, 

with some sort of tradeoff existing between these criteria. 

In spatially distributed models, parameter adjustment strategies often constrain the 

dimensionality of the model parameter space by preserving the relative magnitudes of the 

a priori estimates that are obtained from field-based observations or other sources of 

parameter spatial variation information. This preservation of relative magnitudes in the 

model parameter field assumes that the process response varies linearly with the 

parameter value (e.g., Goodrich et al., 1997; Canfield and Lopes, 2004; Candela et al., 

2005). This strategy seeks to preserve the corresponding spatial distribution of relative 

magnitudes of the process response.  However, the linearity assumption of the process 

response against the parameter value is questionable, especially in a spatially distributed 

model structure representing semi-arid physics that is highly non-linear compared to 

humid region rainfall-runoff physics. To add to this shortcoming, consideration of 

multiple aspects of system response of interest adds uncertainty to the decision of which 

response aspect needs to be considered for the linearity assumption. In spite of this, the 

current study has employed this simple strategy of spatial multipliers applied to each 

model parameter, as is the current practice (e.g., Goodrich et al., 1997; Canfield and 

Lopes, 2004; Candela et al, 2005; Pappenberger et al, 2005). The generation of non-linear 

multipliers that preserve the spatial variability of the process response or of the system 

response, instead of the parameter distribution, remains an unexplored research area. An 

improvement over this multiplier concept could be the use of regularization 

(approximately constraining the model parameter space) methods that haven’t been used 



 

84

much in watershed hydrology, and has currently being initiated in studies like Pokhrel 

(2007). 

The dimensionality of the parameter estimation problem is high for spatially 

distributed models, and coupled with the number of criteria (or objectives) considered, 

can impose a severe computational burden during the model calibration/parameter 

estimation process. This results in a need for robust, powerful and efficient automatic 

optimization algorithms during this process (e.g., Reed et al., 2002; Wagener and Gupta, 

2005). Reducing the dimensionality of the problem is also favorable in accordance with 

the principle of parsimony (Box and Jenkins, 1976; Spade, 2000, p.101), which requires 

the model to have the simplest parameterization to represent the level of information in 

the data. Reduction of the calibration burden only marginally decreases marginally the 

model performance when done properly, for example, when parameter interaction is 

considered (Bastidas et al., 1999; Wagener et al., 2002). 

One of the ways that the computational burden during the calibration/estimation 

process can be further reduced is by using a sensitivity analysis approach. Sensitivity 

analysis (SA) evaluates the impact of changes in the model parameter values on the 

simulated model response of interest (e.g., Wagener and Kollat, 2006; Tang et al., 2006), 

and this approach can also be used to evaluate the impact of changes in the rainfall input 

and the initial conditions on the modeled response (subsections 3.1.1 and 3.1.2). This 

sensitivity analysis approach can help identify: 

 (a) which parameters can be fixed in future calibration exercises to reduce the 

calibration burden without loss of performance,  
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(b) which model processes may be redundant for the current goal or may require 

modification, and  

(c) which dominant parameter uncertainties need to be reduced using detailed 

measurements and scaling studies.  

This knowledge gained through the sensitivity analysis is thus useful both for 

operational forecasting and for scientific advancement in the following ways: 

(1) Knowledge of the dominant model parameters would facilitate improved success 

in the forecasting process where the forecaster would have a handle on which 

model parameters to adjust to get the desired adjustment in the required aspect of 

the hydrograph. This moght be multi-objective information where the dominant 

parameters for each objective are available.  

(2) Parameters or model processes that are redundant towards the specific application 

can be eliminated from future consideration. 

(3) Information from the sensitivity analysis about which model components need to 

be modified as necessary to give better reproduction of desired aspects of the 

output response would aid in scientific advancement towards building better 

models of environmental systems.  

(4) Sensitivity analysis can also aid in transferability of parameter values to other 

catchments where similar output responses are required, and ultimately, in the 

future, in regionalization approaches for predictions in ungaged basins. 
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An important research question connected to the uncertainty in the model parameters, 

therefore, is: “Which model parameters strongly influence the model predictions of 

runoff?”. From previous studies by USDA-ARS-SWRC personnel, the KINEROS2 

overland flow parameters are little more influential on the model response than the 

channel parameters for WG11, with the first few most important KINEROS2 parameters 

being the overland soil saturated hydraulic conductivity, the overland soil surface 

roughness, the channel soil saturated hydraulic conductivity, and the channel soil surface 

roughness, of which the influences of overland soil surface roughness and the channel 

soil saturated hydraulic conductivity are fairly close (David Goodrich, 2007, USDA-

ARS-SWRC, Personal Communication). Hence, the hypothesis corresponding to the 

research question above is: “For basins of the scale of WG11, uncertainties in the 

overland (or hillslope) model are more influential towards the modeled response as 

compared to those in the channel parameters, with the first few model parameter 

uncertainties making significant contributions (atleast one-third or 33% as an arbitraty 

value) being the those due to the overland soil saturated hydraulic conductivity, the 

overland soil surface roughness, the channel soil saturated hydraulic conductivity, and the 

channel soil surface roughness”. 
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3.2 Description of the test watershed and the datasets used 

3.2.1 The WG11 study area 

The WG11 watershed is a sub-basin of the WGEW (Renard et al., 1993; 2007) 

[Figure 3.2]. WG11 spans 7.9 km2 in area, from which the area upstream of stock pond 

outlet 16 was excluded as it rarely discharges into the stream (and does not for the events 

in this study). This reduced area covers 6.4 km2 and 1430–1525 m in elevation 

difference. The WG11 sub-basin has been subjected to earlier rainfall-runoff studies (e.g., 

Goodrich, 1990; Syed, 1999). The lower end of WG11 is desert brush, while a transition 

to range grassland occurs approximately midway up the watershed. WG11 has wide sand 

bed channels which can result in significant channel transmission losses. 

The entire WGEW is located in southeastern Arizona, USA (31°43′N, 110°41′W), 

primarily in a high foothill alluvial fan portion of the San Pedro River watershed 

underlain by very deep (>400m) Cenozoic alluvium regional groundwater aquifer, and 

spans 150 km2 in area and 1220–1830 m in elevation. Depth to groundwater within the 

WGEW ranges from ~50 m at the lower end to ~145 m in the central portion of the 

watershed. The climate over the watershed is semiarid, with substantial inter-annual and 

intra-annual variations with an average annual precipitation of 324 mm. This average 

precipitation is mostly divided between the summer monsoon convective thunderstorms 

(~2/3 of annual precipitation) and winter cold frontal systems. Mean annual temperature 

at nearby town of Tombstone is 17.6˚ C. Vegetation coverage in WGEW is about 2/3rd 

shrubland over the lower basin, with the remaining 1/3rd being grassland. This coverage 
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is representative of approximately 60 million hectares of shrub and grass covered 

rangeland found throughout the Chihuahuan and Sonoran Deserts of the southwestern 

United States and northern Mexico. As is typical in this semi-arid environment, 

infiltration excess is the dominating runoff production mechanism (Pilgrim et al., 1988), 

and ephemeral channel flow in the WGEW is almost exclusively during the summer 

season. A detailed description of WGEW is given in Renard et al. (1993; 2007). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.2 (14): The Walnut Gulch Experimental Watershed (lower figure portion), 
with the WG11 sub-basin shown magnified in the upper portion of the figure at a 

discretization level of 7.5 % Contributing Source Area (CSA) 
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3.2.2 Radar rainfall estimates from the DHR product 

The WSR-88D radar DHR data at the spatial resolution of a polarimetric 1° × 1 km 

grid was used for this study (see Section 1.1.6.1 for more details about the DHR product). 

The variable radar rotational scan speed imparted timesteps ranging from 4-6 minutes for 

events used in the present study. Note that since a variable model timestep is used in this 
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study, the parameter sets finally used for ensemble forecasting would be representative of 

this variable timestep occurring in operational practice. The Tucson NWS DHR archive 

started in 2003, and owing to recent dry years over WGEW, only 8 events were available 

for the present study (Table 3.1). Twelve radar pixels completely covered the reduced 

WG11 area considered in this study (Figure 3.2). The vertical radar scan angle 

configuration called the Volume Coverage Pattern (VCP) was VCP11 for pre-2005 and 

VCP12 otherwise. This resulted in a mix of radar tilts 2 & 3 for VCP11 and a mix of 

radar tilts 3 & 4 for VCP12 over WG11 (tilt 1 is closest to surface). Each VCP pattern 

has different values of increasing antenna elevation angles for the rotating radar along 

which the beams at different tilts sample the reflectivities. The maximum sampled 

volume height for any pixel was around 2 km above WG11. 



               

 

Max. Rain 
Intensity 
(mm/hr)  

 

Ev
ent 
# 

Event 
Date 
(UTC)  

Flow 
start 
time 
in 
UTC 

Flow 
durat
ion 
(min
) 

No. 
of 
peak
s 

Multi-
peak 
numb-
ering 
order 

Peak 
flows 
(m3/s)

Flow 
volume 
(cu. m.) Gage 

Radar: 
Morin 
Z-R 

(Radar/
Gage) 
rain 
depth 
ratio 

Radar
-gage 
timest
ep lag

Derived 
'a' value  

 1 
Jul. 29 
'03 21:38 83 1 - 0.94 1153 80.8 45.6 0.35 0 149.9  

 2 
Aug. 25 
'03 19:16 159 2 2,1 

0.76, 
1.14 3006 80.8 74.9 1.33 0 975.3  

 3 
Aug. 28 
'03 0:00 200 2 2,1 

1.62, 
1.89 5929 76.2 32.6 0.39 0 175.8  

 4 
Aug. 09 
'05 4:34 44 1 - 0.10 82 54.8 11.0 0.23 2 82.4  

 5 
Aug. 09 
'05 22:57 96 1 - 1.89 2948 106.7 33.3 0.38 2 167.2  

 6 
Jul. 29 
'06 5:59 197 2 1,2 

5.08, 
1.98 9224 126.5 49.7 0.41 2 186.3  

 7 
Jul. 30 
'06 14:30 78 2 2,1 

0.44, 
0.48 1054 45.7 23.9 0.34 1 142.0  

 8 
Jul. 31 
'06 12:05 88 1 - 1.49 2611 47.3 25.4 0.38 2 168.4  
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Table 3.1 (1): Table showing observed discharge characteristics and rain comparison statistics for the study events

91
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3.2.3 Gaged measurements of rainfall and discharge  

A detailed description of the observational infrastructure in WGEW is given in 

Renard et al. (1993; 2007). Since the WGEW has a dense rain gage network (Goodrich et 

al., 2007), rainfall data from 11 rain gages that are located in and near WG11 was used 

for this study, along with discharge data for the WG11 outlet flume 11 (available online 

from the USDA-ARS-SWRC website at http://www.tucson.ars.ag.gov/dap/, see Table 3.1 

for characteristics of this rainfall and discharge data). The gage rain intensity values 

shown are 5-minute intensity values, obtained by time-averaging from the original 1-

minute intensity values.  

The peak flows in cms (i.e., m3/s) are the breakpoint instantaneous discharge data 

values available from the above website (finest temporal resolution being 1 minute). 

However, to facilitate conditioning the model runs against the observed discharge, these 

instantaneous breakpoint discharge values were converted to those at the instantaneous 

radar timestep ending values by averaging over time windows delineated by the mid-

points of the radar timesteps.  This method of conversion to instantaneous values of 

different time-series instants was used since it was visually seen to represent the 

instantaneous values of the original data time-series better (not shown). Note from 

column 5 in Table 3.1 that four of the storm events have two discharge peaks each: the 

multi-peak time order in column 6 is then the order of the magnitude-based rankings of 

these peaks for each event, where rank 1 denotes the highest-magnitude peak in the event. 

The observed hydrographs for the eight events considered are shown in Figure 3.3 a & b. 

Of the 2 vertically aligned subplots in each diagonal corner (e.g., top left corner), the 

http://www.tucson.ars.ag.gov/dap/
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upper subplot shows the model elemental maximum hyetograph (i.e., the maximum over 

any model element for the considered timestep), and the subplot immediately below that 

shows the basin-mean hyetograph, with the hydrograph plotted upside down. The rainfall 

estimates are merged estimates from gage and radar; details of the simple merging 

procedure used are discussed later in subsection 3.3.1. 
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Figure 3.3a (15): Maximum elemental hyetographs and basin-mean hyetographs of 
adjusted radar estimates plotted against hydrograph for 1st four events 
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Figure 3.3b (16): Maximum elemental hyetographs and basin-mean hyetographs of 
adjusted radar estimates plotted against hydrograph for last four events 
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3.2.4 A priori parameter estimates from AGWA and from field investigations  

Different data layers were used in AGWA version 1.5 for obtaining the a priori 

KINEROS2 parameters. These were the DEM from the United States Geological Survey 

(USGS) (at http://data.geocomm.com/), the soils coverage/shapefile from the State Soil 

Geographic Database (STATSGO; at 

http://www.ncgc.nrcs.usda.gov/branch/ssb/products/statsgo/data/index.html), and the 

land cover grid from the Multi-Resolution Land Characteristics (MRLC) Consortium - 

National Land Cover Data (NLCD; at http://seamless.usgs.gov/). All the above datasets 

were available at or interpolated to 10 m resolution. Before the topography-based 

delineation of WG11 was done using the DEM, the Arcview GIS software was used to 

visually rectify the WGEW sub-basin outlet points (including the Flume 11 outlet of 

WG11) to a better match with a Walnut Gulch figure showing the flume locations (Anne 

Stewart, 2006, University of Arizona, Personal Communication). The a priori parameter 

values shown in Table 3.2 were obtained for the WG11 discretization with a CSA value 

of 7.5% and used in this study. These values suggest a high land-surface homogeneity of 

WG11 as compared to the entire WGEW where more heterogeneity has been seen from 

the AGWA-provided parameter ranges generated from the data layers. The 7.5% CSA 

value was used for WG11 discretization after being judged sufficient enough to represent 

the basin topography as per expert USDA-ARS opinion, and does not exactly follow any 

methodology based on the conclusions obtained by Goodrich (1992) about the 

http://data.geocomm.com/
http://www.ncgc.nrcs.usda.gov/branch/ssb/products/statsgo/data/index.html
http://seamless.usgs.gov/
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stabilization of the channel to equilibrium storage ratio for deciding an acceptable basin 

discretization level for distributed modeling. 
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Modifier 
# 

Corresponding 
uncertainty source type 

Modifier 
notation* 

Corresponding uncertainty source 
description 

AGWA-provided 
uncertainty source 

value/range 

User changes to uncertainty 
source value/range 

Modifier 
range****  

 1 PKsM Soil saturated hydraulic conductivity 8.44 mm/hr -  0.4-2.5  
 2 PnM Soil surface Roughness 0.055-0.057 - 0.4-2.5  

 3 PCVM Coeff. of variation of PKsM’s 
parameter 0.95 - 0.4-2.0  

 4 PGM Soil net capillary drive 114.97 mm  regressed against PKsM’s 
parameter  0.67-1.5 **  

 5 PRocM Soil volumetric rock fraction 0.43 - 0.75-1.25  
 6 PIntM Maximum interception depth 2.97-3 mm - 0.75-1.25  

 7 PDistM Soil pore size distribution index 0.3 - 0.7-1.3  
 8 PPorM Soil porosity 0.459 - 0.75-1.25  
 9 PRillDA Microtopographic rill depth 0 16.8 mm  0-72.5 mm  
 10 PRillSA Microtopographic rill spacing 0 68.35 mm 0-254 mm  
 11 

Plane element model 
parameter 

PCanM Surface intercepting cover fraction  25.00% - 0.75-1.25  
 12 CKsM Soil saturated hydraulic conductivity 210 mm/hr -  0.8-1.1  
 13 CnM Soil surface Roughness 0.035 - 0.4-2.5  

 14 CCVA Coefficient of variation of CKsM’s 
parameter 0 - 0-2.0  

 15 CGM Soil net capillary drive 101 mm regressed against CKsM’s 
parameter  0.4-2.5 **  

 16 CRocA Soil volumetric rock fraction 0 - 0-0.1  
 17 CDistM Soil pore size distribution index 0.545 - 0.7-1.5  
 18 CPorM Soil porosity 0.44 - 0.85-1.15  

  19 CWCoM Woolhiser Coefficient 0 0.15 0-3 
 20 CWidM Bottom width 5.7-14.3 m Selected measurements fixed 0.33-0.7 ***  

 21 

Channel element model 
parameter 

CTortF Channel tortuosity  300-1901 m width, 
0.009-0.026 slope Selected measurements fixed 0.95-1.1 ***  

 22 Plane element initial 
condition PSMIA Initial soil moisture 0 Event-dependent 0.2-0.6  

 23 Channel element initial 
condition CSMIA Initial soil moisture 0 Event-dependent 0.2-0.6  

 24 Radar rain input RainM Merged gage-radar rain - - 0.2-1.35   
 * Postfix M:multiplier, & A: adder to uncertainty source field values. TortChF (#21) affects channel length (multiplied) and slope (divided)   
 **  Modifier applied to user-changed, not AGWA-provided values (refer section 1.6.2)     

 
 

 *** Based on ratio between available information and AGWA values for field-measured sections    
        

 

Table 3.2 (2): Spatial modifiers and their uncertainty ranges
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AGWA does not (or does not reliably) provide some of the a priori model 

parameters, including microtopography and channel geometry (i. e., being set to 0 values 

as in microtopography, or to empirical regression estimates set as in channel width). Both 

the microtopographic roughness and the channel geometry (especially near the watershed 

outlet) affect the entire hydrograph, with the microtopography primarily affecting the 

recession (Woolhiser et al., 1997). The channel geometry is set in AGWA from bankfull 

hydraulic geometry relationships which define the bankfull channel width and depth 

based on watershed size and readily derived watershed metrics from GIS analyses. These 

bankfull relationships define channel geometry with minimal input and effort by the user. 

The drawback of these relationships is that they are designed to be applied to very 

specific physiographic regions, outside of which, the performance of the relationships in 

accurately depicting the channel geometries severely declines (Scott et al, 2006). Also, 

deriving relationships for specific regions is very labor intensive in terms of field work 

and analysis. Currently, only two relationships are defined: one for the entire WGEW in 

southeastern Arizona (Miller, 1995), and the other for the Coastal Plain of North Carolina 

(Sweet and Geratz, 2003). Even for these specific physiographic regions or for the sub-

basins of the studied basins, these relationships may not sometimes hold, as shall be seen 

soon for the WG11 sub-basin.  

The microtopography and channel geometry parameters from available field 

measurements were examined (ranges of values given in 5th column of Table 3.2). The 

microtopography parameters of rill depth and spacing were set from pin-meter data 
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(Bryant et al, 2006). For each transect, they obtained a value of the root mean square 

height (hRMS) of the pin-meter data: 

2
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           where:   n = number of measurements of height, 

                   zi = a single measurement, and 

                        z = mean of all measurements 

For the correlation length, values of the autocorrelation function (rj) were first 

calculated for different values of  j = 1,2,3,4…n/4, where j is the spatial lag between 

measurements: 
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From these values of rj, the correlation length (Lc) is defined as the length when  

rj > 1/e                                                  (3.3) 

where ‘e’ is the base of natural logarithms (2.718). This procedure is based in statistical 

theory where the underlying distribution is assumed normal.  Then, any autocorrelation 

values shown from equation 3.2 are statistically said to be not occurring by random 

chance when equation 3.3 is satisfied. When multiple lags satisfy this equation, the 

largest lag is selected as the correlation length. A Microsoft Excel sheet containing most 

of the hRMS and the Lc values over the WGEW was made available for this study. Using 

standard procedure, the representative microtopographic rill depth used for the a priori 
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model runs was defined as twice the average root mean square height, while the 

representative rill spacing was defined as equal to the average correlation length.  

Channel geometry for all the major reaches were set to field measured values from 

Goodrich (1990). Based on a visual inspection of the coinciding channel longitudinal 

extents between the WG11 discretization in the earlier study of Goodrich (1990) and the 

discretization of 7.5% CSA used in this study, a total of 3 channel widths (channels 84, 

94 and 104 in figure 3.4), one channel length (channel 94) and one channel slope 

(channel 94) near the Flume 11 outlet were set to the Goodrich (1990) values for the a 

priori model runs (see Figure 3.4). These field-measured values used are listed in Table 

3.3 against the AGWA-derived values. 

 

 

Figure 3.4 (17): Channel element reaches in WG11 for which geometry measurements 
from Goodrich (1990) were used for this study  
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Channel 
# Model parameter 

Field-
measured 

AGWA-
derived 
(upstream, 
downstream)  

 104 Bottom width (m) 8.352 14.23, 14.33  
 94 Bottom width (m) 5.273 11.74, 11.98  
 84 Bottom width (m) 3.475 9.55, 10.16  
 84 length (m) 584.911 861.56  
 84 Bottom slope 0.012 0.016  
      

Table 3.3 (3):  Field-measured channel geometry values used against AGWA values  
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3.3 Methodological steps followed and analytical tools used 

 The concept of spatial multipliers applicable to the spatial fields of the different 

sources of uncertainty is henceforth referred to by the more general spatial ‘modifiers’ 

term in this study. This is because the spatial multipliers cannot be applied to some 

sources of uncertainty. For example, where all the a priori estimates for a particular 

model parameter have a zero value, any spatial multiplier would have assigned the same 

zero values again to the spatial field of that model parameter. Hence, for such cases, 

spatial adders to the zero values are utilized. In addition to spatial multipliers and adders, 

spatial modifiers used in this study also include the spatial tortuosity factor (CTortF, #21 

in Table 3.2). This CTortF differs from the spatial multipliers in that it both multiplies 

and divides complementary model parameters, i.e., it is a spatial multiplier to channel 

lengths and a spatial divider to channel slopes. This same magnification in length and 

reduction in slope over any channel conserves the elevation between channel end-points, 

since this elevational difference is, by definition, the length multiplied by the slope. The 

spatial modifiers (or modifiers) are thus the variables in the Monte Carlo (MC) sampling 

exercise. Note that these modifiers perturb only the overall magnitude bias in each of the 

spatial fields and do not change the spatial pattern of the relative magnitudes in the 

spatial field. 

The first step in the analysis was to prepare a merged gage/radar based rainfall input 

and to conduct and evaluate several baseline model runs using the a priori model 

parameter estimates and this merged rainfall input, assuming that this input represents the 

real rainfall field better than the pure gage or radar-based estimates. This assumption 
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would be tested in the study. For investigating the modifier influence, two sets of MC 

runs were conducted after sampling the multivariate factor space. In the first set of MC 

runs, all the three types of factors were varied, i.e., the modifiers associated with the 

uncertainty in the rain depth bias, in the initial soil moisture estimates, and in the model 

parameters. This first set had a total of 24 modifiers. This set of runs was mainly to assess 

the effect of uncertainty in rain estimates on the uncertainty in model runoff. In the 

second set, the uncertainty in the rain depth bias was fixed at zero (i.e., the rain input was 

fixed as accurately as possible), and only the remaining two types of factors were varied 

so as to focus the attention on the initial conditions and the model parameters. Thus, the 

second set had a total of 23 modifiers. 

The modifier uncertainty influence on the uncertainty in the model predictions was 

studied using a combination of several tools. This included the main GLUE framework 

under which the likelihood values of each modifier set were calculated to provide 

ensemble predictions. This framework also facilitated the procedure of updating 

likelihoods using incoming information from new events, and of merging multi-criteria 

information from different shape descriptors in the hydrograph. Numerical values of 

different shape descriptors from the event hydrographs was extracted using a coded 

procedure. This information was used to classify entire model simulations as behavioral 

or non-behavioral in a multi-criteria sense using a Monte-Carlo set membership 

procedure based on a behavioral zone around the observed hydrograph. A variance-based 

method (using Sobol’ sampling) was used to conduct a global sensitivity analysis for 

determining the factor influences. This was used in conjunction with auxiliary steps used 
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in the modifier identification procedure like visual inspection of the marginal behavioral 

modifier and objective function (criterion) histograms, and Principal Component (PCA) 

and correlation analyses. The following subsections describe these steps followed and 

tools used in detail. 

 

3.3.1 Estimation of rainfall for model run input 

This subsection describes the merging of the rainfall estimates from gage and from 

radar, which was the used as KINEROS2 input. In case of the radar estimates, this study 

only attempts to correct the radar reflectivity measurement contamination due to hail, and 

does not attempt to correct for other factors like incomplete beam filling, bright band 

effects, etc. 

 

3.3.1.1 Setting the DHR hail threshold 

In operational practice at the NWS, the contamination of rainfall estimates caused by 

presence of hail in the radar sampled volume (see section 3.1.1) is usually handled by 

simply capping the rain intensity at a maximum of 103.8 mm/hr (called the hail 

threshold). However, a reasonable value for this threshold can vary widely depending on 

local conditions; e.g., Fulton et al. (1998) reported values in the range 75-150 mm/hr. 

Incorrect application of the hail threshold effectively ‘truncates’ the rain intensity spatial 

variability pattern at high intensity values.  
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In a study of gage rainfall data, Mendez et al. (2003) analyzed ‘point’-scale 

maximum intensities over different durations and frequencies for summer thunderstorms 

over the WGEW. They found that while exceeding the 103.8 mm/hr NWS threshold was 

not uncommon, the maximum among the 5-minute duration (i.e., corresponding to the 

radar timestep) intensities were near 250 mm/hr. In a study of radar rainfall data, Morin 

et al. (2006) found that the basin rain depth and peak discharge were significantly 

sensitive to the maximum rain intensity (α) parameter, and to the spread (i.e., the size) (β) 

parameter of the rain cells. These parameters values were those of the modeled rain cells 

based on the real radar data, and the α parameter was seen to be usually greater than 

103.8 mm/hr in their study. Taken together, the α and β values from their study can 

correspond to theoretical radar pixel-scale values that exceed the 103.8 mm/hr hail 

threshold. Hence, based on these latter two studies (Mendez et al., 2003, and Morin et al. 

2006), and because flash-flood forecasting is mainly concerned with high-intensity rain 

estimates over short return periods, the value of the hail threshold in this study was raised 

to 146.3 mm/hr. This value is taken from Mendez et al. (2003), corresponds to the mean 

of the maximum 5-minute duration gage intensities for a 10-year return period that can be 

considered as a short return period.  

Note that the WG11 event peak storm intensities for both gage and radar data are 

rarely close to, and are mostly less than, this new value (Table 3.1). However, peak storm 

intensities much larger than 146.3 mm/hr have been observed for storms over the larger 

extent of the entire WGEW, where raising this threshold to an even larger value provided 
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a better match between the cumulative basin-average radar and gage rainfall estimates 

(not shown). 

 

3.3.1.2 Merging gage and radar rain estimates 

The individual event storm depths were sought to be fixed as accurately as possible 

for the merging. The radar rainfall estimates had high storm depth biases (also called 

field biases by the NWS) and corresponding wide ranges (i.e., variabilities) of these 

biases between storms, both for the entire WGEW from the study of Morin et al. (2005) 

(refer subsection 3.1.1) and from the post-2003 storm events (not shown), and for the 

WG11 from the (radar/gage) depth bias ratios for the events used in this study which are 

listed column 11 of Table 3.1. These WG11 radar rainfall estimates in the table were 

calculated using the Morin et al. (2005) Z-R relationship.  However, the WG11 rain gage 

data had a standard 0.01” accuracy (Keefer et al., 2007) and hence were considered more 

reliable, so were considered as ‘truth’ towards which the radar intensity estimates were 

sought to be adjusted. Note that Goodrich et al (1997) mention a rainfall scaling of 15% 

around the gage estimates for a sensitivity analysis, since that is consistent with typical 

rain gauge catch errors reported by Neff (1977) and Hanson (1989). In this study, both 

the basin-average gage rain estimates (for comparison against the basin average radar 

estimates), and the model elemental-scale-averaged gage rainfall estimates (for merging 

with radar estimates) for the eight events were calculated using a Thiessen areal 

weighting procedure over the considered areas. The model element areal average radar 
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rain estimates were obtained by a simple radar rain estimate weighting by the individual 

radar pixel areas inside the considered area.   

The WG11-average radar estimates were adjusted using the ‘bulk adjustment’ 

optimization approach (Krajewski and Smith, 2002), where the radar rainfall intensity 

estimates were divided by the (radar/gage) storm depth bias ratios from Table 3.1 for that, 

so that the WG11 sub-basin-average storm depth totals for both the gage and radar 

intensity estimates match. This optimization approach of estimating the Z-R relationship 

basically connects the sampled reflectivity-to-rainfall estimates measured above in the 

atmosphere to surface rain gage network observations of the rainfall rate. The other 

approach is the drop size distribution (DSD) approach, where the Z-R relationship is 

estimated by analyzing the raindrop size distribution measured at the land surface for the 

given dominant rainfall regime.  

The model time step lags between the gage and radar measurements due to the time 

difference between the radar volume sampling instant aloft and the gage measurement 

instant at the surface were calculated using a correlation analysis of the WG11-average 

storm depth time series, and are given in Table 3.1. The depth adjusted radar estimates 

were also adjusted for this time lag, and it is this lag-adjusted radar estimates that are 

used later in this study for comparison against the merged estimates. The merged 

estimates were prepared by a simple averaging of the intensities from the gage and these 

lag-adjusted radar estimates, and so include the radar storm depth bias correction and the 

radar-gage time lag. Merged cumulative hyetographs for the events used in this study 

have been shown in Figures 3.3a and 3.3b. 
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3.3.2 Preparing the a priori parameter model runs 

An initial evaluation of model performance was done by conducting 2 sets of a priori 

model parameter runs for each event: the first set with the AGWA-generated a priori 

parameters, and the second set with the field measurements of micro-topography and 

channel geometry also added (see subsection 3.2.4). Both sets of runs were forced by the 

merged rainfall estimates, hence allowing a focus on the quality of the a priori model 

parameter values because of less rainfall uncertainty. For both sets of runs, the empirical 

Woolhiser coefficient that corrects the effective wetted channel cross-section perimeter 

for infiltration during low flows by reduction was set to 0.15 (model parameter 

corresponding to modifier #19 in Table 3.2). This coefficient is applied in the equation  

P
WidthW
hP

co
e *)1,min(= ,                                          (3.4)   

where Pe is the effective wetted perimeter, and P is the wetted perimeter at depth h, Wco 

is the Woolhiser coefficient, and Width refers to the channel bottom width. 

As initial conditions, the relative saturation (corresponding to modifiers 23 and 24 in 

Table 3.2) was set at 0.4 in both run sets, except for events 7 and 8, where it was set at 

0.6. This was in accordance with the general rule of thumb followed by the USDA-ARS 

of setting this relative saturation, where the objective is to set it to 0.2 for very dry 

conditions, 0.4 for average conditions, and 0.6 for wet conditions. For example, a value 

of 0.2 is typically assigned for any storm (usually the 1st monsoon storm) in early summer 

with a dry preceding week (i.e., less than 0.1” mean basin rainfall). Similarly, a value of 

0.6 is assigned if a preceding storm with > 0.5” basin rainfall (i.e., approximate runoff 
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threshold for small watersheds) occurred either on the same day, or on the previous day, 

with smaller intervening storms leading up to the analyzed event. 

 

3.3.3 Constraining model parameters for the Monte-Carlo (MC) runs 

The modifier uncertainty ranges shown in Table 3.2 were selected based on 

information about corresponding parameter ranges from WGEW, from Arizona basins 

like Sabino and Canada Del Oro, from expert judgement provided by the USDA-ARS, 

and from the literature. Literature sources included earlier studies like Matlock (1965), 

Goodrich (1990), Michaud (1992), and Guardiola-Claramonte (2005). Once the possible 

range of values for each model parameter was decided based on these sources, the lower 

and upper limits for the spatial modifiers were set to allow for this possible range of 

values, i.e., the lower modifier limit allowed the lowest a priori value in the spatial 

modifier field to reach the lowest possible value for that uncertainty source, and similar 

reasoning was applied to obtain the upper modifier limit. The values of the 

microtopographic depth and spacing parameters over the WGEW obtained from the 

Microsoft Excel sheet (subsection 3.2.4) provided the range of the corresponding 

modifier values used. The values of channel geometry from Goodrich (1990) were also 

used to provide the modifier ranges for the corresponding model parameters. Since the 

outlet widths were seen to be much smaller than the AGWA-generated widths (Table 

3.3), the modifier ranges on the remaining channel widths in WG11 were also set to be 

smaller with the range not including 1.0. 



 

111

In addition to individually setting the range of values for most of the model 

parameters, the ranges to some model parameters were set based on any interactions or 

regression relationships from earlier studies that those model parameters might have with 

other model parameters. So, the soil net capillary drive values (G, [inches]) from AGWA 

were not used for the MC runs, but were re-computed based on textural soil saturated 

hydraulic conductivity values ( , [inches/hr]) via a non-linear regression from text
sK

Goodrich (1990):  

btext
sKaG )1(=                                                        (3.5)  

where the empirical parameters were  to a=4.83 and b=0.326. Uncertainty ranges were 

then applied to these regressed G values to allow for their variation, based on the level of 

confidence in the regression relationship. AGWA 1.5 does not provide values but text
sK

only the final KINEROS2-ready  (or ) values along with other variables (some sK final
sK

of which are also model parameters), like the volumetric rock content 

( ,[dimensionless]), the porosity (rV φ ,[dimensionless]), the surface intercepting cover 

( ,[%]), and the fraction of surface impervious area ( ). These other variables are IC IF

used inside AGWA for the transformation from the  values to the  values. For text
sK final

sK

this transformation, the gravimetric rock content ( ,[dimensionless]) is initially rG

calculated: 

))1(1())1()1(( rrr VVG −∗−−∗−= φφ                                      (3.6) 

This is used to get rock-adjusted  ( ) using the equation: sK rock
sK
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r
text

s
rock

s GKK ∗=                                                     (3.7) 

Finally,  is calculated using the equation: final
sK

)1(*)(* 0105.0
I

Crock
s

final
s FeKK I −= ∗                                      (3.8) 

For WG11, the AGWA  values at 0 are retained, and is not treated as a KINEROS2 IF

parameter in this study. This means that it is not subjected to any spatial modifiers for the 

MC simulations. Additionally, for channel elements,  is zero, making  values for IC final
sK

those elements equal to the corresponding  values. The above equations were used rock
sK

in the reverse order to that listed above were used to obtain the a priori  values, text
sK

from which the regressed G values were calculated, and subjected to spatial modifiers.   

Modifiers were applied to the spatial fields of KINEROS2 parameters like G, φ , V  r

and . The ‘modified’ KINEROS2 parameter fields of IC φ ,  and  were used in rV IC

finding the  model parameter spatial field using equations 3.6-3.8, hence the  final
sK final

sK

values were implicitly subjected to modifiers. These implicitly factored  spatial final
sK

fields in the MC runs were themselves subjected to corresponding modifiers. No 

modifiers were applied to the  spatial field, and it is not a KINEROS2 parameter. text
sK

 

3.3.4 The Generalized Likelihood Uncertainty Estimation framework (GLUE) 

The GLUE (Beven and Binley, 1992; Beven and Freer, 2001) is a set-theoretic 

method based on the notion of equifinality (Beven, 1993). Equifinality argues that a 
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multiplicity of model structure/modifier set combinations in this study (and for model 

structure/parameter set combinations in general) can typically provide acceptable (or 

‘behavioral’) simulations of a complex environmental system when evaluated using a 

selected measure of model performance. This is against only a single model 

structure/modifier set combination ideally sought to be found as the best representative of 

the system. In GLUE, each combination is weighted by its relative likelihood (i.e., 

acceptability level: henceforth called likelihood function or LF), and the ensemble of 

resulting forecasts is used to estimate model confidence intervals. In assigning the LF 

values, higher values are assigned to behavioral model structure/modifier set 

combinations that give more favorable simulations, while likelihood values of zero are 

assigned to model structure/factor set combinations that give unacceptable (‘non-

behavioral’) simulations. GLUE implicitly handles model non-linearity, modifier 

interactions and errors in model structure and observations. In implicitly incorporating 

such model structural error effects, these LFs differ from the traditional statistical 

approach likelihood functions that usually don’t adequately include model structural 

error. GLUE was originally inspired by the Regional Sensitivity Analysis method (RSA; 

Spear and Hornberger, 1980), where such combinations were also classified into 

behavioral and non-behavioral for purposes of the analysis. The GLUE procedure in a 

nutshell is shown in Figure 3.5. Note that the fixed and uniform-like Monte-Carlo 

modifier set sampling used in this study to characterize the response surface follows the 

method typically used with GLUE methodology of characterizing the response surface 

using likelihood values that reflect the surface properties (e.g., a higher likelihood value 
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means a higher density or number of favorable points in the multivariate modifier space 

can lie around that modifier set). This approach is complementary to stochastic 

optimization procedures (e.g., Vrugt et al, 2003) that seek to characterize the response 

surface properties by directly aiming for a higher density or number of points in the 

favorable optimum regions of the multivariate modifier space. 

 

 

Figure 3.5 (18): Schematic of the GLUE procedure 
 

GLUE thus has the following advantages: 

1. It is conceptually simple and easy to implement 

2. Likelihood functions used can be based on quantitative (e.g., field observations) or 

qualitative (e.g., process type) information  
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3. Different model structures can be incorporated 

4.  Likelihood function weights can be updated as new data become available or as 

multiple criteria are considered 

5. GLUE likelihood functions allow for the possibility that the errors can be non-

Gaussian, aurocorrelated, heteroscedastic etc. 

 

GLUE also has some disadvantages: 

1. Computational requirements for GLUE can be huge, especially for environmental 

models with a large number of parameters (or modifiers in this study) where the 

response surface is sought to be characterized as accurately as possible,  

2. GLUE subjectively selects the likelihood function formulations and the 

behavioral/non-behavioral threshold. 

 

3.3.5 Variance-based global sensitivity analysis and sampling density used 

Sensitivity analysis (SA) evaluates the impact of changes in the modifier values (and 

model parameter values in general) on the simulated model response of interest (e.g., 

Wagener and Kollat, 2006; Tang et al., 2006). From an uncertainty viewpoint, SA 

investigates the contribution/influence of modifier uncertainties/variations on the 

uncertainty/variation in the model response (e.g., Saltelli et al, 2004). This definition 

equates the sensitivity of the response of interest to the considered modifier with the 

influence of the considered modifier on the response of interest, and so henceforth the 

terms ‘sensitivity’ and ‘influence’ are used interchangeably. 
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Given the large modifier uncertainties present in hydrologic modeling and the 

problems of finding a single best modifier set (e.g. Beven, 2005; Tang et al., 2006), 

methods of “local” SA, in which individual modifiers are varied in the region of a “best” 

estimate in the feasible factor space (McCuen, 1973a,b), were deemed to be unsuitable 

for this study. Instead, the “global” sensitivity analysis (GSA) method used in this study 

is based on multivariate modifier global sampling and seeks to obtain sensitivity 

information representative of the entire feasible modifier space.  

Initially, the global sensitivity analysis called the Regional SA (RSA; Spear and 

Hornberger, 1980) that is widely used in hydrology (e.g. Bastidas et al, 1999; Wagener et 

al, 2004) was considered for this study. Modifier influence in RSA is based on the extent 

of the difference in the marginal densities of separated multivariate modifier space 

regions (hence perhaps called ‘regionalized’) along the considered modifier axis, where 

the separation divides the entire modifier space into behavioral and non-behavioral 

regions. This extent of difference is measured based on the cumulative distribution 

function (CDF) representation of the marginal density patterns. The modifier influence is 

assumed to be indicated by the maximum degree of separation between the CDFs of these 

two (e.g. between the classical ‘behavioral’ vs. ‘non-behavioral’ shown by the double-

ended arrow in Figure 3.6a) or more modifier set regions (e.g., 10 in Freer et al, 1996, 

where the separation is usually judged visually). These regions are classified either 

qualitatively, or quantitatively using percentiles based on the simulated response. θ1 in 

Figure 3.6 denotes the modifier considered. 
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Figure 3.6 (19): Example plots from RSA when divided into (a) 2 modifier set 
regions (behavioral/non-behavioral classification) with the separation shown, and (b) 

10 modifier set regions 
 

However, the lack of separation between the CDFs is only a necessary (but not 

sufficient) condition for modifier insensitivity: this lack of separation could be caused by 

strong correlation with other modifiers. This correlation is tested usually through visual 

inspection (since non-monotonicity may exist) accompanying the RSA, and since these 

visual inspections can typically accommodate only 2 modifiers at a time (or perhaps even 

three), they are impractical for examining higher order interactions. Sometimes, a 

probabilistic significance level (to accept or reject the null hypothesis of similarity in 

CDFs), called the Kolmogorov-Smirnov (K-S) statistic, and connected to the degree of 

separation between the two CDFs, is jointly used (e.g., Bastidas et al, 1999). This should 

be used with caution, since:  

1. Even a slight non-zero separation for large samples typically used can show up as 

statistically significant, incorrectly indicating sensitivity (Isham, V., 2005, Imperial 

College, London: Personal Communication), and  
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2. The K-S statistic was originally designed for uni-variate, not multivariate 

distributions (McIntyre et al, 2003).  

 

Summing up, RSA has the following shortcomings, some of which are highlighted in 

Spear et al (1994):  

1. Modifier influence should logically increase in presence of modifier interactions (i.e., 

the modifier’s higher-order interaction effects in addition to the lone or 1st-order 

interaction-free effect). In RSA, the univariate degree of separation for each modifier 

(which is supposed to denote only the 1st-order interaction-free effect and not 

interaction effects) is actually decreased in presence of interactions, falsely denoting 

insensitivity. Hence, modifier interactions can reduce the power of RSA to extract 

information about even the 1st-order effect (see Figure 3.7). θ1 and  θ2 in Figure 3.7 

denote modifiers. In Figure 3.7d, dotted CDFs show the main-order effect, dot-dash 

CDFs pointed to by notched arrows are what should have been obtained ideally in the 

presence of interactions, and solid CDFs pointed to by normal arrows are what are 

really obtained. This means that depending on the different amounts of interactions 

that each modifier has with other modifiers, the relative modifier sensitivity rankings 

can be suspect.  

2. Modifier interactions can occur at any order (Saltelli et al, 2004). However, the visual 

inspection of correlation plots accompanying RSA are typically only upto 2nd-order 

(i.e., 2- modifier plots), hence assuming negligible higher-order interactions. Also, 

this visual bivariate inspection analysis should ideally be a marginal representation of 
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the multivariate modifier space (fixing other modifiers as is sometimes  done should 

be preferably avoided). 

3. Number of classified modifier space regions and hence of the CDFs should be ideally 

higher than the classical 2 (e.g., 10 in Freer et al, 1996, and shown in Figure 4e) to 

account for general output variations in acceptable values. For example, only 2 

regions in the behavioral/non-behavioral classification would account only for 

modifiers which contribute to that separation, hence possibly neglecting modifiers 

that account for variations in both the regions and so are also influential. 

4.  Use of an associated K-S statistic for deciding sensitivity could be used with caution. 
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Figure 3.7 (20): Apparent decrease in RSA sensitivity that measures the 1st-order 
effect and shown by the decreased separation of the CDFs in (d) when modifier 

correlations exist 
 

 

Recent research efforts have tried to tackle the low statistical power and absence of 

comprehensive modifier interaction information in RSA. For example, there is 

optimization of piecewise linear regression trees that refine sampling based on point 

density within hypercubes to provide information both of modifier interaction structure 

using other methods, and of dominant behavioral modes from the splits (Tree-Structured 

Density Estimation: TSDE; Spear et al, 1994). This has been extended and made more 
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rigorous using equifinality of multiple regression trees (or Random Forests) and 

combined with indices providing sensitivity information at multiple orders (Regional 

Splits and Regression Trees: SARS-RT; Pappenberger et al, 2006), hence classifiable as 

regional analyses with ‘global’ properties. ‘Global’ thus has recently come to mean not 

only the multivariate sampling (e.g, RSA), but also recent trends and advancements in 

GSA on incorporating the modifier interactions at all orders (and hence the complete 

influence of each modifier; Saltelli et al, 2004). This usually provides general 

quantitative sensitivity information to rank the modifiers, in terms of both necessary and 

sufficient conditions, facilitating a subsequent detailed factor space investigation by 

correctly point to the modifier space regions to be analyzed as required for detailed 

interaction structure information using classical tools like PCA, correlation analysis etc. 

(which usually have stringent assumptions). Such GSA captures the output uncertainty 

variation using statistics like variance, entropy etc. Entropy-based GSA is potentially 

better than that based on variance which assumes the sufficiency of the second moment 

(variance) for describing variation (Krzykacz-Hausmann, 2001). However, variance-

based GSA (V-GSA) is more popular due to its level of theoretical development and easy 

availability of corresponding tools (e.g., the Sobol’ method in the SIMLAB version 2.2 

from http://simlab.jrc.cec.eu.int/ used here). The variance-based Sobol’ method (1993) 

estimates the sensitivity indices using an efficient Monte Carlo sampling method. The 

Sobol’ method has also been shown to be superior in a recent study by Tang et al (2006) 

where four different sensitivity analysis models applied to a lumped watershed model 

were compared: the local analysis using parameter estimation software (PEST), the RSA, 

http://simlab.jrc.cec.eu.int/
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the variance-based analysis of variance (ANOVA), and Sobol’ method of V-GSA used in 

this study. Overall, ANOVA and Sobol’s method were seen to be superior to RSA and 

PEST, with an inter-comparison between ANOVA and Sobol’ method showing that the 

more robust sensitivity rankings in Sobol’ method came at the price of having a higher 

computational requirement than ANOVA. Since the KINEROS2 used in this study over 

the WG11 sub-basin is amenable to a detailed MC run setup, using the Sobol’ method of 

sensitivity analysis here was justified.  

One drawback of V-GSA is the sampling requirement over the entire rectangular 

hypercube region considered in the multivariate modifier space, unlike techniques like 

the RSA that are not resticted to rectangular hypercube regions. If the detailed behavioral 

factor set region structure is available and known to be very different from a hypercube, 

other SA methods might be more appropriate. Also, as pointed out by Spear et al (1994), 

complex models usually provide a possibly very low behavioral fraction of simulations 

(e.g. 5%); this can give a low statistical power to V-GSA.  

The Sobol’ multivariate sampling method of the multivariate modifier space was 

utilized for both V-GSA and GLUE (e.g., Ratto et al, 2001), thus avoiding duplicate 

sampling, and making the sensitivity analysis procedure simple to implement 

operationally if required in conjunction with the uncertainty forecast estimates from 

GLUE. The enhanced Sobol’ method (Homma and Saltelli, 1996; Saltelli, 2002) 

available in SIMLAB enables computation of the 1st- and total-order (i.e., total influence 

including all interactions) SA indices directly for any modifier without requiring 

calculation of the indices at intermediate orders. This becomes convenient since the total-
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order indices are the correct indicators of the modifier influence to be used for the 

sensitivity rankings, and the total amount of interactions at all orders can be found out for 

any modifier by subtracting its 1st order index from its total-order index. Sobol’ sampling 

was applied to generate 102,400 sampled modifier sets in the 24- modifier space of the 

first MC set of runs (i.e., including rain uncertainty), and 98,304 sampled modifier sets in 

the 23- modifier space of the 2nd set of MC runs. Additionally, 2nd order indices were also 

considered and were obtained using 71,168 and 77,312 sampled factor sets for 23 and 24 

factors respectively in the toolbox. These 2nd-order indices from the toolbox were 

‘closed’ indices, i.e., each closed index of two modifiers represents the sum of the 

individual 1st-order effects, and the 2nd-order interaction effect between those two 

modifiers. A MATLAB code written extracts the total of the 2nd-order effects due to each 

modifier for the figures plotted later in this study. 

 

3.3.6 Obtaining hydrograph shape descriptors and associated Likelihood 

Functions for the GLUE methodology 

3.3.6.1 Extracting hydrograph shape descriptors for multiple criteria 

In operational practice, accurate prediction of hydrograph characteristics such as peak 

magnitude and volume, and peak timing and channel over-bank timing on the hydrograph 

rising limb are critically important. For timely switching off of the issued alarm/warning, 

additional accuracy in the timing when the receding flow falls below the over-bank level 

is also desirable. The 8 events examined in this study contained 12 hydrograph peaks 
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(Table 3.1). For each hydrograph, 5 basic shape descriptors were considered: peak 

magnitude, peak volume, start timing, peak timing and end timing. This shape descriptor 

concept for an event-based hydrograph is similar to the streamflow indices concept used 

for continuous hydrographs used by Shamir (2003). An ephemeral hydrograph may have 

extended tails at the end of either limb with values near zero, which makes the start- and 

end-point detection difficult. This was handled by removing or ‘cutting out’ a bottom 

fraction of the peak magnitude value (5-10% depending on the event extended tail 

characteristics) from the entire hydrograph. This means that instead of fixing the over-

bank cross-over point, this bottom fraction cutoff point is investigated into as a starting 

point for exact reproduction of the hydrograph, and can be refined in future studies to fix 

the over-bank cross-over point required in flash-flood forecasting.  

Among other shape descriptors considered was the ‘inflection’ point that divides the 

hydrograph falling limb into non-driven quick and non-driven slow parts (Boyle et al., 

2000). This point was located using an approximate slope-change-based method. This 

method locates the inflection point as the time-instant point on the considered peak’s 

hydrograph timeseries with the maximum vertical depression from a line segment 

connecting its peak magnitude and end point, to the time series (Figure 3.8). 
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Figure 3.8 (21): Event single-peak hydrograph and the maximum depression (shown 
as the vertical dash-dot line) method used for selecting the inflection point 

 

 

For events with multiple hydrograph peaks, conformity of both the time order and the 

relative proportions of the peak magnitudes in observations and simulations was enforced 

(i.e., conservation of relative peak magnitudes in time is similar to spatial parameter 

multiplier assumption of conservation of relative magnitudes in space). This is the order 

shown in column 6 of Table 3.1 and discussed in subsection 3.2.3. So, a smaller number 

of simulated peaks for an event as compared to observations mean that only higher-

magnitude peaks reached the outlet due to damping of the smaller peaks, while a greater 

number shows failure by the modeled basin land surface to absorb those extra peaks. 

A peak finder-analyzer code was written in MATLAB with vectorized features to 

simultaneously process the MC event run outputs for the hydrograph shape descriptor 

information by taking advantage of the smoothness seen in the observed and simulated 

hydrograph limbs, in the sense that the entire rising limb (and the falling limb) was 
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monotonic. A moving average window of three discharge values including the central 

considered discharge value is used anyway to smoothen this observed hydrograph in the 

part of the analysis connected with the inflection point. For non-monotonic rising/falling 

hydrograph limbs, sophisticated methods to extract the hydrograph shape descriptors 

could be probably used (e.g., wavelet-based: Gaucherel, 2002; fuzzy C-means-based: 

Choi and Beven, 2007; etc.). As the name suggests, the peak finder-analyzer code starts 

by detecting the peaks in the entire event hydrograph, both for the observed and the 

simulated MC time-series. It then tries to travel down from the peak point on either side 

along the hydrograph till the bottom cutoff point, or till the trough point from where an 

adjacent peak’s limb starts in the case of a multi-peak event. 

 

3.3.6.2 Formulating the objective functions (criteria) 

Objective functions are typically minimization functions where a value close to zero 

indicates attainment of optimum performance. With one exception, the objective 

functions (OFs) were formulated in terms of the absolute magnitude of the relative 

deviation from the observed value (i.e., Fs = NOS SSS − , where  and  denote 

values for the simulated and observed shape descriptors respectively. The normalizer 

( ) is either the observed value (e.g., in FQP of Table 3.9 which shows all OFs 

considered), or a user-selected constant value (e.g., the calculated representative radar 

timestep of 275 s for this study events used for timing-based OFs like FTP). This 

formulation makes the OFs comparable across different peaks, and accounts for 

SS OS

NS
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heteroscedasticity in the residual variance (Sorooshian and Dracup, 1980) for magnitude-

based OFs (e.g. FQP). Note that almost all OF names begin with ‘F’. The single OF 

exception that did not explicitly have a normalizing shape descriptor was NSC that was 

derived from the Nash-Sutcliffe Efficiency (NSE: Nash and Sutcliffe, 1970), which in 

turn has its own intrinsic normalizer of the residuals in its formulation. In addition to the 

5 basic OFs corresponding to the 5 basic shape descriptors, other OFs in Table 3.4 

considered  magnitudes, volumes, timings, times, slopes, skew and net time series errors. 

The skew was defined as peak time series rise time divided by the total peak time series 

duration. In slope-based OFs for the driven quick, non-driven quick and non-driven slow 

portions of the hydrograph (Boyle et al, 2000), the magnitude and time terms in the slope 

equation were normalized using respective observed values to impart a 45º angle to the 

corresponding observed slope. So, the slope was defined as the ratio of the normalized 

difference in the magnitudes of the slope end-points to the normalized difference in the 

timings of the slope end-points. The OFs apply to single peak units in hydrographs, and 

thus would be different for each peak unit in a multi-peak hydrograph, except for the last 

2 (e.g., FV and NSC) in Table 3.4 which would be the same since they apply to the entire 

event. 
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OF 
# 

OF 
notation OF type OF description 

1 FQF Relative deviation from observed ratio of inflection to 
peak magnitude 

2 FQP Relative deviation from observed peak magnitude 
3 FQI 

Magnitude-based 

Relative deviation from observed inflection magnitude 

4 FSDQ Relative deviation from slope angle of observed driven 
part 

5 FSNQ Relative deviation from slope angle of observed non-
driven quick part 

6 FSNS 

Slope-based 

Relative deviation from slope angle of observed non-
driven slow part 

7 FTS Relative deviation from observed time to start 
8 FTP Relative deviation from observed time to peak 
9 FTE 

Based on time 
relative to rain event 

Relative deviation from observed time to end 
10 FTR Relative deviation from observed time of rise 
11 FTF Relative deviation from observed time of fall 
12 FS 

Hydrograph time 
duration-based 

Relative deviation from observed hydrograph skew 

13 FVU Relative deviation from observed peak volume if 
multi-peak 

14 FV 
Volume-based 

Relative deviation from observed event volume 

15 NSC Observation series 
error-based 1-(Nash-Sutcliffe Efficiency, i.e., NSE) 

Table 3.4 (4): Different OFs considered in this study (basic OFs shown in bold) 
 

3.3.6.3 Formulating the likelihood functions for GLUE 

The OFs that are basically minimization functions, were required to be inverted to 

formulate the likelihood functions (LFs) required by GLUE, and which are basically 

maximization functions. Zero values were assigned to the LF for any modifier set 

whenever the simulation or the LF-specific shape descriptor value was classified as non-

behavioral. The behavioral LF values were computed by subtracting the OF values from 

the corresponding maximum OF value for each OF, and then scaling these values onto a 

0.1-1 range. This low minimum value of 0.1 was used to avoid a narrow range of LF 
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values near 1, in contrast to high minimum values typically used in GLUE, which would 

essentially have devolved to a binary classification and given diminished power to an 

analysis of variations in the behavioral region. The additive inverse procedure used above 

(i.e., subtracting the OF values from the corresponding maximum OF value) has the 

advantage of preserving the characteristic field variations of the considered shape 

descriptor without any distortions that would occur, for example, if a multiplicative 

inverse procedure was used. Hence, this formulation avoids the problem of 

underestimating uncertainty and overestimating modifier identifiability that is discussed 

by Beven and Freer (2001). For each LF, the LF values of all behavioral points are finally 

re-scaled to sum to 1. The SA indices are calculated in this study based on the LFs 

instead of the OFs, making them robust, because of two reasons: 

1. Non-standard OF value for the non-behavioral region: For any OF, the non-

behavioral values would have to be assigned an arbitary user-decided constant value. 

Depending on this value, the SA indices calculated can change. In the LF, these non-

behavioral values are a standard zero. 

2. Incomplete behavioral region structural representativeness by OF-derived sensitivity 

indices: The indices based on the V-GSA are calculated based on the rectangular 

hypercube region. Still, the standard non-behavioral zero values when using LFs do 

consider only the required behavioral region in the sense of outlining the behavioral 

region structure instead of the whole rectangular hypercube region. If they had been 

calculated from the OFs, then the arbitary user-decided constant value for non-
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behavioral points of each OF could again pose problems and make the indices non-

representative.  

In the rest of this study, the prefix ‘L’ is applied to the OF names (from Table 3.4) for 

denoting the LF associated with whichever OF (or corresponding hydrograph shape 

descriptot) is considered. Note that the LNSC values, before they are scaled into the 

range 0.1-1, are essentially the same as the original NSE values, but with negative values 

assumed to be non-behavioral. This non-behavioral threshold of zero is sound because an 

NSE value less than zero would mean that square of the residuals is more than the 

variance of the observations, hence instead of using the model, a simple mean of the 

observations could have been used for predictions. For some simulations, it was found 

that either the observed or the simulated shape descriptor value did not exist; in such 

cases there is not enough basis for classifying the descriptor as non-behavioral, so the 

corresponding LF values were set to the midpoint of the behavioral LF value range (e.g., 

0.55=(0.1+1.0)/2). 

 

3.3.7 Behavioral classification of the entire simulated hydrograph and the 

associated Likelihood Function 

Behavioral classification of the entire simulated hydrograph was attempted both for 

operational forecasting where this could be quickly implemented without the need to do a 

detailed sensitivity analysis, and to check if the information obtained by merging 

different LFs (and hence multi-criteria) coincides with this intrinsically multi-criteria 

classification. Taking into account the simulation accuracy required (in terms of the 5 
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basic shape descriptors), the Monte-Carlo set membership method (MCSM: Van Straten 

and Keesman, 1991) based on a behavioral zone around the observed hydrograph was 

used to establish the overall behavioral classification of the MC simulations. The 

classical MCSM method defines a behavioral zone by specifying upper and lower bounds 

on the entire observational time-series. A simulated time-series is defined as behavioral if 

it lies fully within these bounds. In this study, upper and lower bounds were instead 

applied only to each of the 5 basic shape descriptors from the simulations (and hence to 

the corresponding OFs). In cases where a shape descriptor value did not exist, the 

corresponding bounding constraint was not applied. The maximum deviation on peak 

magnitude (FQP) was set to 0.15 (i.e., 15% ), while the timing descriptor functions (FTS, 

FTP and FTE) were constrained to be within 2, 2, & 3 radar time steps respectively (i.e., 

more flexibility was allowed in the endpoint timing). These timesteps correspond 

operationally to approximately 10, 10 and 15 minutes respectively. Because the afore 

mentioned OFs do not explicitly consider start and/or end magnitudes, the maximum 

deviation on volume (FVU) was set to 0.5 to filter out multi-peak simulations that deviate 

significantly from the observed shape. Henceforth in this study, the acronym LFB will be 

used to refer to the LF that corresponds to the pure binary behavioral classification over 

the entire hydrograph obtained using this procedure.  Since an SA on the “original” 

shape-based LFs could represent the variations over the entire feasible factor space (and 

hence applicable to rainfall-runoff modeling in general), while the LFB gives only binary 

information about the behavioral classification (and hence specifically applicable to 

flash-flood forecasting), another set of shape-based LFs were formulated which tried to 
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represent only the variations in LF values over the behavioral factor space (non-

behavioral likelihoods are set to zero).  These “enhanced” LFs thus combined 

information from both the original shape-based LFs and from the LFB for each event. 

 

3.3.8 On combining the Likelihood Functions in GLUE 

The GLUE procedure implemented in this study required combining the likelihood 

functions values (or weights) for two cases: the first involving merging multi-criteria 

information for each event, and the second involving updating the LF weights across 

events. For either case, a different method of combining these LF weights was employed 

to arrive at weights to be used in the GLUE and V-GSA analyses. For merging multi-

criteria information in individual events, the multi-objective LF was obtained by 

multiplication of the individual shape-based LF weights, as is normally done in GLUE. 

However, for likelihood updating across events, the LF weights were combined by 

addition (e.g., Zak et al, 1997) to acknowledge and allow for behavioral modifier set in-

consistency across events, i.e. behavioral modifier sets able to simulate one event or the 

other, but not both. This behavioral modifier set inconsistency will be encountered further 

into the analysis. In this latter method used for updating, each hydrograph’s LF value was 

weighted by the number of behavioral simulations obtained for that hydrograph before 

combining. This weighting procedure avoids unwanted higher updated likelihoods (from 

a per-event-peak likelihood summation to one) for behavioral simulations of individual 

event peaks that have a comparatively very low number of behavioral simulations. 
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3.3.9 Auxiliary methods used 

As part of the sensitivity/uncertainty analysis procedure, the marginal modifier and 

LF histograms for the behavioral modifier set region were also visually inspected. For 

individual hydrographs, such modifier histograms reveal information about modifier 

identifiability and can be used to properly constrain the V-GSA multivariate modifier set 

hypercube extents. For events taken together, the marginal posterior distribution plots 

based on updated LFBs were examined. Correlation and PCA analyses were used to 

identify correlations and detect structures in the modifier space. The shape of the LF 

histogram can reveal whether the LF is useful for modifier identification or not: an highly 

peaked distribution indicates an LF that imparts low discriminatory power to the 

behavioral region modifier identification process (because of little variation in LF 

values), while a uniform-like LF distribution imparts better discriminatory power 

(because of broad variation in LF values). LF correlation analysis was used to discard 

redundant LFs from further analyses: these LFs then are not required for the multi-

objective merging procedure. 
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3.4 Results obtained 

3.4.1 Evaluation of the a priori parameter model runs 

The two sets of a priori model runs did not match the observations well (Figure 3.9). 

Table 3.5 lists the ranges and means of the basic OFs, the FV OF, and the NSE for all 

events, along with the changes observed in going from the 1st set of runs to the 2nd. Since 

the OFs are normalized by definition, the improvement is calculated as the difference in 

mean values (without any additional normalizing). Improvement (+ve change) is seen to 

occur mostly in the OFs related to hydrograph timing (FTS, FTP & FTE), while peak 

(FQP) and volume (FVU & FV) deteriorate.  The overall NSE also gets worse (note that 

for NSE, higher values are better, unlike the OFs). Further, most of the NSE values are 

less than the behavioral threshold set at 0. This result clearly highlighted the need for 

adjusting the model parameters (using modifiers in this study). No consistent under- or 

over-estimation is seen in Figure 3.9, probably hinting to some problem either with the 

distributed model structural representation of the natural system, or of the distributed a 

priori parameter estimates from AGWA. Hence, some form of uncertainty representation 

is probably necessary in the forecast model predictions. 
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Figure 3.9 (22):  Evaluation of hydrographs obtained from a priori model parameter 
estimates against observations 
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AGWA-generated 
parameters AGWA+field OF / 

NSE Mean Min Max Mean Min Max

Change (+ve 
is 

improvement) 
FQP 1.10 0.20 2.52 1.42 0.07 3.53 -0.32 
FTS 2.79 0.92 5.50 1.46 0.00 3.67 1.33 
FTP 3.21 0.00 10.35 1.46 0.00 2.75 1.75 
FTE 4.44 2.16 7.59 3.31 1.08 5.41 1.13 
FVU 1.42 0.66 3.03 1.97 0.57 5.08 -0.55 
FV 1.23 0.80 3.01 1.72 0.05 5.11 -0.49 

NSE -2.00 -5.43 -0.45 -6.33 -21.15 0.15 -4.33 
Table 3.5 (5): Evaluation results of a priori model runs 

 

3.4.2 Intercomparison of rainfall estimates 

3.4.2.1 Gage versus radar measurements 

The gage and radar measurements both were seen to have complete WG11 storm 

coverage for almost all events in this study. Two sets of radar estimates were prepared; 

one using the default NWS Z-R relationship, and the other using the Morin et al. (2005) 

relationship. The resultant three sets of rainfall estimates (two gage and one radar) were 

compared by visual inspection of the corresponding areal average cumulative rain depths 

in the left column of Figure 3.10, and of the same but normalized by the totals in the right 

column.  In the legend shown in the top left subplot, NWS146.3 and Morin146.3 denote 

NWS and Morin et al. Z-R estimates with an upper hail cap of 146.3 mm/hr selected in 

this study.  

As expected, the NWS and Morin et al (2005) radar estimates match in shape, since 

the new hail threshold does not cap the event peak intensity values that are around or 
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mostly lower than 146.3 mm/hr. However, discrepancies in magnitude and in shape are 

seen between gage and radar estimates, likely due to atmospheric modifications to the 

falling rain field, the radar-gage time lag, and the measurement errors and representative 

measurement scale for both gage and radar. These discrepancies could, of course, also be 

due to additional radar operational problems, such as the radar clutter suppression effect 

wherein the radar algorithm mistakes a highly stationary rain field as background clutter 

to be filtered out (Note: The Z estimates for event 6 are believed to be contaminated with 

this type of error: Erik Pytlak, 2006, NOAA-NWS, Personal Communication). Most 

events in Figure 3.10 show a clear gage-radar time lag. Consistent with similar values 

obtained for the entire WGEW (not shown here), a wide range in the ratio of the Morin et 

al. (2005) radar Z-R estimates to gage values was obtained and are listed in Table 3.1 

(which is also reflected in the large range of derived ‘a’ values). 
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Figure 3.10a (23): Comparison of rainfall estimates from gage and from radar (two 
Z-R relationships) for 1st 4 events: Left column subplots show basin-mean 

cumulative rain depths, and right column subplots show the same curves normalized 



 

139

0

5

10

15

21
:3

0

21
:4

5

22
:0

0

22
:1

5

22
:3

0

22
:4

5

C
um

ul
at

iv
e 

R
ai

n 
in

 m
m Event 5

UTC time on Aug. 9, 2005
0

0.2

0.4

0.6

0.8

1

21
:3

0

21
:4

5

22
:0

0

22
:1

5

22
:3

0

22
:4

5N
or

m
al

iz
ed

 C
um

ul
at

iv
e 

R
ai

n

 

 
Event 5

UTC time on Aug. 9, 2005

Gage
NWS146.3
Morin146.3

0

10

20

30

40

05
:0

0

05
:3

0

06
:0

0

06
:3

0

07
:0

0

07
:3

0

08
:0

0

08
:3

0

09
:0

0

C
um

ul
at

iv
e 

R
ai

n 
in

 m
m Event 6

UTC time on Jul. 29, 2006 0

0.2

0.4

0.6

0.8

1

05
:0

0

05
:3

0

06
:0

0

06
:3

0

07
:0

0

07
:3

0

08
:0

0

08
:3

0

09
:0

0N
or

m
al

iz
ed

 C
um

ul
at

iv
e 

R
ai

n

Event 6

UTC time on Jul. 29, 2006

0

5

10

15

13
:4

5

14
:0

0

14
:1

5

14
:3

0

14
:4

5

C
um

ul
at

iv
e 

R
ai

n 
in

 m
m Event 7

UTC time on Jul. 30, 2006
0

0.2

0.4

0.6

0.8

1
13

:4
5

14
:0

0

14
:1

5

14
:3

0

14
:4

5N
or

m
al

iz
ed

 C
um

ul
at

iv
e 

R
ai

n

Event 7

UTC time on Jul. 30, 2006

0

2

4

6

8

10

10
:0

0

10
:3

0

11
:0

0

11
:3

0

12
:0

0

C
um

ul
at

iv
e 

R
ai

n 
in

 m
m Event 8

UTC time on Jul. 31, 2006 0

0.2

0.4

0.6

0.8

1

10
:0

0

10
:3

0

11
:0

0

11
:3

0

12
:0

0N
or

m
al

iz
ed

 C
um

ul
at

iv
e 

R
ai

n

Event 8

UTC time on Jul. 31, 2006

 

Figure 3.10b (24): Comparison of rainfall estimates from gage and from radar (two 
Z-R relationships) for last 4 events: Left column subplots show basin-mean 

cumulative rain depths, and right column subplots show the same curves normalized 
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3.4.2.2 Effect of uncertainty in spatial rainfall distribution on the behavioral 

simulations 

The differences in spatial distributions of the gage and radar rainfall estimates were 

examined by comparing the behavioral simulations (i.e., where entire hydrograph is 

behavioral) from the MC runs for 3 rainfall cases: merged, gage, and radar. While the 

merged rainfall case is the 1st set of MC runs, the other two are similar but with rain input 

provided by the gage and adjusted radar estimates respectively (subsection 3.3.1.2). For 

all cases a factor set MC Sobol’ sampling density of 98,304 was utilized (subsection 

3.3.5). The comparisons indicate that the merged estimates are generally better in 2 ways:  

1. They provide better behavioral factor set consistency across hydrograph peaks (even 

in multi-peak events). Consistency here means that the behavioral factor sets for one 

hydrograph peak are also approximately behavioral for another peak.   

2. They replicate the observations better by providing behavioral simulations for a larger 

number of the observed peaks.  

Figure 3.11 shows, for each rainfall estimate case, the behavioral simulations for the 

1st (and largest) peak of event 6. For the 2nd peak (in dotted rectangle), the corresponding 

simulations are seen to be non-behavioral for both gage (where they underestimate 

consistently) and radar cases (where they overestimate consistently). However, they are 

seen to be mostly behavioral for the merged case, which illustrates the 1st point above. 

This shows a functional inconsistency in the model, since the model is producing 

simulations that lie in different regions of the response space for different event peaks. 

For illustrating the 2nd point with an example, when considering the behavioral 
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simulations for the 2nd peak of event 6, the merged and gage estimates provided 262 and 

69 behavioral simulations respectively, while the radar estimates did not provide any. The 

model thus appears to be incapable of simulating some of the peaks, possibly pointing 

again to the need for model structural corrections.   

Even considering only the merged estimates, a high degree of inconsistency in the 

behavioral modifier sets, and also a little in replication of the hydrograph peaks was still 

observed across the entire set of events (Table 3.6). Each value in this table is the number 

of behavioral modifier sets common to the two considered event peaks. The grey shaded 

cells are hence the number of behavioral simulations for each event peak, while the 

numbers in bold are the number of common behavioral parameter sets between two peaks 

of the same event. Each empty cell means zero common behavioral factor sets between 

the two considered event peaks. This behavioral modifier set inconsistency indicated the 

need for updating-based methods (e.g., GLUE) rather than optimization based methods 

that usually try to narrow down the modifier space with incoming event information. This 

is the reason that the additive updating of the GLUE LF weights was decided upon in this 

study. This would mean that the estimated Shannon entropy and U-uncertainty measures 

should be expected to increase (in contrast to the consistent decreasing trend reported by 

Beven and Binley, 1992). The behavioral modifier set inconsistency pattern using the 

merged rainfall estimates did not show any significant change even when the behavioral 

ranges of the basic shape descriptors in the MCSM method were increased. While the use 

of merged estimates has not been rigorously justified above, they are still used for the 

remainder of this study for the simple reason that they potentially improve the spatial 



representation by combining the surface gage-based ‘point’ data with the areal/pixel-

based radar data aloft. 
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Figure 3.11 (25): Simulations behavioral to the 1st (left) peak examined for their 
behaviorality on the 2nd (right) peak during Event 6 using different rainfall input 

cases 
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Event 
Peak E1 E2P1 E2P2 E3P1 E3P2 E4 E5 E6P1 E6P2 E7P1 E7P2 E8  

 E1 609   2                

 E2P1   318 0                 22  

 E2P2     1344       30 23       

 E3P1       0                  

 E3P2         2755             

 E4           5              

 E5             12       6  

 E6P1               453 104        

 E6P2                 362       

 E7P1                   0 0    

 E7P2                     30 2  

 E8                       440  
               

Table 3.6 (6): Intersection table showing number of common behavioral modifier sets between any two event peaks for 
MC runs with merged rainfall input case 
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3.4.3 Inspecting behavioral ranges and correlation structures in the modifiers 

and Likelihood Functions 

3.4.3.1 Modifiers 

Given that the number of behavioral model runs seen in table 3.6 as a percent of the 

total number (98,304) of Monte-Carlo runs, it seems natural to put forth the hypothesis 

that “The behavioral classification of the MC modifier sets would provide significant 

reductions in the modifier ranges”. However, the behavioral classification on the entire 

simulated hydrograph was seen to be ineffective towards an overall reduction of the wide 

a priori initial modifier ranges for either of the sets of MC runs, thus negating the above 

hypothesis. Still, some restructuring tendency of the distributions away from the initial 

uniformly sampled pattern was seen for the modifiers PKsM, PnM, CnM, CWCoM and 

RainM (see Figure 3.12 for examples). The PKsM modifier showed slightly higher 

frequencies near values that are peak-dependent in the modifier histograms, and increased 

frequencies in region of 1.5-2 for the net posterior distribution plots, suggesting that the 

soil saturated hydraulic conductivity of hillslopes need to be increased so that more of the 

overland flow can be infiltrated in. Similarly, modifiers PnM, CnM and CWCoM showed 

increased frequencies for values less than 1.5 both for the net behavior, and for peaks 

where the distribution does show some restructuring. RainM shows a clear tendency to 

values greater than 0.5 in the individual event modifier histograms with a maximum near 

1 in the posterior distribution plots. Apart from the 5 modifiers mentioned above, no 

tendency towards improved modifier identifiability was observed. 
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Figure 3.12 (26): Examples of marginal posterior distribution plots of behavioral 
simulations from the 2nd set of MC runs where restructuring tendency is (a) present, 

& (b) absent 
 

Examination of the 2-modifier correlation plots indicated that the overall behavior did 

not show significant correlations for either of the set of MC runs. Here, a weak 

correlation is a value less than 0.5, while a moderate correlation level is defined here as a 

linear correlation coefficient value of atleast 0.5 and less than 0.75. Thus, in the 2nd set of 

MC runs, the net behavior correlations between PKsM vs. PRocM were weak (0.28), and 

so were those between CWCoM vs. CnM (-0.31). However, moderate correlations were 

observed for some of the individual hydrograph peaks; PKsM vs. RainM in the 1st set of 

MC runs (0.6-0.7 range), and PKsM vs. PRocM in the 2nd set of MC runs (0.45-0.62 

range). The correlation plots showed a large spread around the 1:1 line. The reason for 

these positive correlations can be related to the co-occurrence of these factors either as 

quotients or differences in the model equations. RainM is a land surface control factor 

affecting the surface rain rates, and occurs in the model equations only in the infiltrability 

relation, where these rates are scaled using , i.e., final
sK
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final
s

final
s KKrr )(* −=                                                  (3.9) 

 Both the subtracting and finally dividing by  result in positive correlations. final
sK

PRocM is a vadose control modifier entering the model equations only in the calculation 

of  through  (see Section 3.3.3 equations 3.6 to 3.8), where the presence of final
sK rG

final
sK  and  (the  terms are in  as per equation 3.6) in the numerators on both rG rV rG

sides of the transformation results in a positive correlation, i.e., since  is zero, the net IF

transformation obtained by combining those equations is the following equation: 

)(** 0105.0 IC
r

text
s

final
s eGKK ∗=                                   (3.10) 

The PCA analysis showed no strong directional components for either of the MC runs 

sets. For example, in the 1st set of MC runs, the total variance was found to be more or 

less uniformly distributed among most of the Principal Component directions: analysis of 

the overall LFB showed 80% and 90% of variance captured by 17 & 20 modifiers 

respectively (out of a total of 24). Numbers for individual hydrograph peaks are similar. 

 

3.4.3.2 Likelihood Functions 

The histograms of either the original or the enhanced LFs were seen to not show any 

peaked distribution, hence none of the LFs remove power from the factor identification 

process. In two-LF correlation plots, the five basic original LFs showed strong 

correlations (i.e., > 0.75) in LFTS vs. LFTP (i.e., start timing vs. peak timing), and in 

LFQP vs. LFVU (i.e., peak magnitude vs. volume) for either MC run set. There were one 
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or two moderate correlation exceptions: LFTS vs. LFTP was seen to be 0.5 for peak 1 of 

event 2 in the 23-modifier case, and to be 0.68 for peak 1 of events 2 and 3 in the 24-

modifier case. Disregarding these moderate correlations, three LFs out of the basic 

original five were selected as required for a multi-objective treatment: LFQP, LFTP and 

LFTE (i.e., end timing). This is in conformity with the expert hydrologist’s knowledge of 

adjusting the peak magnitude and timing for accurately reproducing the rising 

hydrograph limb. The additional focus here on the end timing would completely 

reproduce the entire hydrograph. The combined (i.e., merged) multi-objective LF of these 

three LFs is henceforth denoted as “LFM”. The 5 basic enhanced LFs did not show any 

strong mutual correlation, suggesting that all of them need to be used in the likelihood 

function/weight merging procedure for a similar multi-objective treatment. 

 

3.4.4 Sensitivity analysis 

In either set of MC runs, the enhanced LFs were seen to give almost the same 

sensitivity indices as the behavioral classification-based LFB. This showed the loss of 

sensitivity information extraction power in the enhanced LFs which were supposedly 

representative of the variations in the behavioral zone. This was due to the dominance of 

the behavioral classification signal over the variations in the behavioral zone when the 

percentage of behavioral simulations is very low. Note that this was even after setting the 

behavioral likelihood value range before scaling to a wide 0.1-1. Henceforth in this study, 

only the original LFs that represent the entire factor space are referred to, along with the 

multi-objective LFM and the behavioral classification-based LFB. 
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In the 1st set of MC runs, the merged rain estimates were assigned a modifier range of 

0.2 to 1.35 (see #24 in Table 3.2) to reflect the range in the (radar/gage) depth ratio seen 

across the study events (Table 3.1). Figure 3.13 shows the net influence across all events 

for the RainM modifier and for different LFs. The indices in all subplots are in the 

fractional form where values range from 0.0-1.0 (e.g., 0.5 means 50% influence on the 

output). The subplot ‘(a)’ in Figure 3.13 shows the influence of the rain depth bias 

modifier (RainM) on different LFs. The total order indices show the dominant influence 

of RainM, highlighting the importance of bias-free rain inputs for accurate forecasts. 

Note that even though RainM’s influence on LFB has some net 2nd-order effect across all 

events, most of the individual event peaks have negligible 2nd- and 1st-order effects (not 

shown here). This would have made it difficult to detect the rain influence from the 

behavioral classification using SA methods which do not explicitly consider interaction at 

all orders (e.g., RSA with a 2nd-order modifier correlation analysis). The subplots ‘(b)’ 

and ‘(c)’ show the much higher rain influence relative to other modifiers while using 

LNSC and LFM respectively. LNSC seemed little more sensitive to the model factors as 

compared to LFM (or to its single-objective components LFQP, LFTP and LFTE: not 

shown here). Subplot ‘(d)’ for LFB (that is specifically relevant to flash-flood 

forecasting) shows the almost complete influence of RainM, though not comparatively 

much stronger as compared to other modifiers: modifier sensitivities seem mostly due to 

interactions. This is expected since LFB is an implicit combination of the basic 

hydrograph shape descriptors, and hence of modifiers which influence each of the 

descriptors, with consequent high-order interactions in the final LFB combination. Pixel 
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plots containing information of the total order indices for all of the individual event peaks 

broadly follow the net influence total order indices (not shown here), with some pattern 

inconsistencies that are mostly due to the numerical approximation error in the Sobol’ 

method implemented in SIMLAB. Hence, from the above the rain influence question 

posed in subsection 3.1.1 is answered as follows: “While merging of high spatial 

resolution gage and radar estimates might potentially provide better simulations than 

either one by itself, the influence of rain depth/volume bias uncertainty clearly almost 

completely dominates the model response.” This also verifies the rain influence 

hypothesis stated in the same subsection, showing the dominant influence of the 

operational volume bias uncertainties in the radar rain estimates, with merging of the 

gage and radar rain estimates aiding in improving the spatial representation of the 

estimates. 
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Figure 3.13 (27): Net rain Influence across all events on model response (RainM). 
Subplots show fractional influence on: (a) Different LFs, (b) Nash-Sutcliffe 

efficiency (rightmost modifier), (c) Multi-objective LFM (rightmost modifier), and 
(d) Behavioural LFB (rightmost modifier) 

 

Similar SA results from the 2nd set of MC runs are seen in Figure 3.14. Subplots ‘(a)’, 

‘(b)’ and ‘(c)’ show the factor influences using LNSC, LFM and LFB, and are similar to 

the respective subplots ‘(b)’, ‘(c)’ and ‘(d)’ in Figure 3.13, with only negligible to slight 

increase resulting from the removal of the rain depth bias uncertainty. The modifiers have 

also been classified in the figure into hillslope parameter modifiers, channel parameter 
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modifiers, and the remaining is the modifiers connected with the initial soil moisture 

conditions. Among themselves, all the original LFs uniformly show the same order of 

sensitivity to almost the same few modifiers (not shown here). The almost uniform order 

obtained above in factor influences even across all of the original LFs (applicable to 

rainfall-runoff modeling in general) has hindered the obtaining of detailed information 

about which modifiers affect which specific shape descriptors in the hydrograph. The 

parameters corresponding to the most influential hillslope modifiers in Figure 3.14 are 

mostly the hillslope soil saturated hydraulic conductivity (i.e., PKsM modifier), the 

hillslope soil volumetric rock fraction (i.e., PRocM), the hillslope soil surface roughness 

(i.e., PnM), and the hillslope soil net capillary drive (i.e., PGM). Note that PRocM and 

PKsM have been seen to be positively correlated in the 2- modifier correlation plots 

(subsection 3.4.3.1), while the model parameters corresponding to PKsM, PRocM and 

PGM are related through the constraining equations 3.6 to 3.8 in sub-section 3.3.3. 

Similarly, the parameters corresponding to the most influential channel factors are the 

channel soil surface roughness (i.e., CnM) and the channel Woolhiser coefficient (i.e., 

CWCoM). The influence of CWCoM shows the importance of estimating the effective 

channel cross-sectional wetted perimeter through the Woolhiser coefficient for accurate 

infiltration calculations. Note that the PKsM, PnM, CnM, and CWCoM  modifiers 

observed to be identifiable in subsection 3.4.3.1 have also been observed to be influential 

above: this is expected since sensitivity is a necessary condition for identifiability. 
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Figure 3.14 (28): Relative influence of model parameters and initial conditions on model response. Subplots show 
fractional influence on: (a) Nash-Sutcliffe efficiency, (b) Multi-objective LFM, and (b) Behavioural LFB
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Overall, more hillslope factors are seen to dominate model response more compared 

to channel modifiers, showing the importance of detailed field measurement and scaling 

studies of hillslope parameters for semi-arid flash-flood forecasting in small basins. Over 

larger basin scales, more channel modifiers can potentially become influential due to the 

effect of channel infiltration losses (Goodrich et al., 1997). At this stage, the model 

parameter influence question posed in subsection 3.1.3 is answered as follows: “In 

general, uncertainties in the hillslope model parameters impact predictions more than 

those in the channel parameters for small basins. The most influential hillslope parameter 

uncertainties stem from the soil saturated hydraulic conductivity, the soil volumetric rock 

fraction, the soil surface roughness, and the soil net capillary drive, while those for the 

channel are from the soil surface roughness and the Woolhiser coefficient.” 

In general, all the modifiers found to be influential above either occur in the 

infiltration equation thus affecting hydrograph magnitudes or volume, or are the soil 

surface roughnesses affecting the timing. Also, the part of the hypothesis of subsection 

3.1.3 concerning the higher importance of the hillslope (or plane or overland) model 

parameters as compared to the channel parameters has been confirmed above. However, 

the influential modifiers and their approximate order of influence above are different 

from those mentioned in the hypothesis (namely the overland soil saturated hydraulic 

conductivity, the overland soil surface roughness, the channel soil saturated hydraulic 

conductivity, and the channel soil surface roughness). From the plots of LNSC and LFM 

in Figures 3.14 ‘(a)’ and ‘(b)’ which are relevant to semi-arid rainfall-runoff modeling in 

general, it was seen that the overland soil volumetric rock fraction (not present in the 
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hypothesis list) is more influential than the overland soil surface roughness. However, 

this is reversed in subplot ‘(c)’ concerning LFB and applicable to flash-flood forecasting, 

where the difference in the influences is negligible. Also, channel soil saturated hydraulic 

conductivity (i.e., CKsM modifier) was mentioned in the hypothesis as an important 

parameter, though it is not seen to be so for any of the subplots (in LFB, its influence is 

lower than the arbitrary hypothesis value of 0.33). This means that even though it is 

known that the influential modifiers are in the infiltration equations for the channels, the 

information about which exact model parameters were making significant contributions 

was somewhat misunderstood (i.e., channel Woolhiser coefficient was more influential as 

compared to channel soil saturated hydraulic conductivity). Similarly, for plane model 

elements, given current uncertainties and the AGWA setup where the textural soil 

saturated hydraulic conductivity was converted to the model-ready soil saturated 

hydraulic conductivity using other model parameters, the uncertainties in those other 

parameter also became influential due to such interactions.                                                                          

Figures 3.13 & 3.14 consistently show that initial soil moisture specification in 

channels (CSMIA factor) is redundant towards the model response. However, the 

hillslope initial soil moisture (PSMIA factor) can be important, and especially in case of 

flash-flood forecasting-specific LFB, where it is almost as influential as PKsM (i.e., 

almost 90% influence). Therefore, the initial soil moisture influence question posed in 

subsection 3.1.2 is answered as follows: “Initial hillslope soil moisture can have a 

significant effect on the predicted response. Hence, sophisticated inter-storm model 

components are required to track it with a high degree of accuracy.”  The hypothesis 
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formulated there about the important contribution (i.e., minimum total index value at 

arbitrary 0.33) of initial soil moisture is also verified, but only for the overland areas. 

 

3.4.5 Model predictive uncertainty 

Considering the high behavioral modifier set inconsistency across events, and the 

associated differences in the model responses (i.e., model produces simulations that lie in 

different regions of the response space for different event peaks), a high predictive 

uncertainty is expected due to the additive likelihood weight updating procedure in 

GLUE. Equi-spaced rain uncertainty over the RainM factor range was combined with the 

behavioral factor sets from the 2nd set of MC runs to obtain this predictive uncertainty. 

Subplots ‘(a)’ and ‘(b)’ in Figure 3.15 show the predicted 90% confidence intervals for 

Event 6 (which had the highest observed peak magnitude among the events) using 

behavioral factor sets from all and from prior events respectively. These uncertainties 

shown are much more than those desired in flash-flood forecasting, where the desired 

level of uncertainties were approximately reflected in the desired range around each 

shape descriptor during the behavioral classification of the entire simulated hydrograph 

(subsection 3.3.7) . For example, a 15% deviation in the peak magnitude was allowed 

during the behavioral classification, making the allowable uncertainty around 30%. 

However, considering the 1st event peak in Figure 3.15 as an example, the peak 

magnitude uncertainty becomes approximately (20-0)/5=400% for subplot ‘(a)’, and (16-

0)/5=320% for subplot ‘(b)’. This uncertainty is more than ten times the allowable 

uncertainty (400/30=13.33 for subplot ‘(a)’ and 320/30=10.67 for subplot ‘(b)’). Hence, 
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the model-based forecasting uncertainty question posed in section 3.1 is answered as: 

“Given current uncertainties in the radar rain estimates, model parameters and initial 

conditions, the predictive uncertainties in flash-flood forecasting can be much higher than 

desired. Using a model is still a valuable tool for forecasters, giving a reliable quantitative 

risk-based tool for timely issuance and cancellation of flood warnings and alarms.” This 

also negates the hypothesis there about the predictive uncertainty being within low 

enough desirable bounds. However, there is still a visible improvement because of the 

transition is from mainly qualitative operational methods earlier to the quantitative 

uncertainty-based method used here.  

Another point to be noted is the alarm time that is sought to be reduced here, which 

may be more of a social science issue instead of a hydrology issue. This is because while 

some people like lots of alarms as far in advance as possible, some may never want any 

alarm at all. In any case, the KINEROS2-based forecasting would drastically reduce the 

number of false alarms. This would be tested during the 2007 monsoon season, along 

with the improvement in alarm switch on and off times that are achievable using the 

KINEROS2-based uncertainty framework against the regular alarm duration (1-6 hours) 

in case of a “hit” in the flash-flood alarm given out as per current procedures.  
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(a)Uncertainty from all events: 90% confidence
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Figure 3.15 (29): Predicted 90% confidence intervals incorporating radar rainfall 
uncertainty for hydrograph of the July 29 2006 event using behavioral factor sets 

from (a) all events, and (b) prior events  
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3.5 Conclusions 

There is a clear and pressing need for improvements in the ability to generate 

operational flash-flood forecasts in the semi-arid southwestern US. This study 

investigated the predictive utility of a physically based, distributed semi-arid rainfall-

runoff model driven by high-resolution radar rainfall input over a small basin. This flash-

flood forecasting system was implemented using a GLUE-based methodology to 

facilitate assimilation of new event information within an operational setting.  A 

variance-based global sensitivity analysis based on the Sobol’ sampling method was used 

to investigate dominant sources of uncertainty. The approach is applicable to any model 

run within a Monte-Carlo framework, and can be implemented operationally for a fixed 

number of modifier sets without requiring re-sampling or evolutionary optimization. The 

Monte-Carlo framework utilized spatial modifiers applied to the sources of uncertainty: 

the rainfall estimates, the initial soil-moisture and model parameters.  

The methodology was applied, using the KINEROS2 model, to simulate the 

runoff response for eight summertime convective thunderstorm events occurring over the 

WG11 sub-basin of the semi-arid Walnut Gulch experimental watershed. This runoff 

regime is characterized by ephemeral flow events with long periods of no-flow between 

corresponding storm events.  The behavioral nature of these event flow characteristics 

was measured by the use hydrograph descriptors that represent magnitude, volume, shape 

and timing. In decreasing order of importance, the dominant uncertainties were found to 

originate from the volume bias in the radar rainfall depth estimates, the model 

parameters, and the initial soil moisture conditions.  
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 In particular, the following were found:  

1. The uncertainty due to depth/volume bias in the rainfall estimates almost completely 

dominated the uncertainty in the modeled response. 

2. Merging of high spatio-temporal resolution rainfall estimates from gage and radar has 

the potential to improve the model forecasting ability.  

3. Uncertainties in the hillslope model parameter values had greater impact on the 

predictions than the uncertainties in channel parameters. For hillslopes, the most 

influential parameter uncertainties were in the soil saturated hydraulic conductivity, 

the soil volumetric rock fraction, the soil surface roughness and the soil net capillary 

drive. For channels, the influential uncertainties were in the soil surface roughness 

and the Woolhiser coefficient.  The latter reduces the effective wetted perimeter for 

infiltration during low flows when a trapezoidal channel simplification introduces 

significant error. 

4. The initial channel soil moisture does not significantly influence the modeled 

response, whereas the initial hillslope soil moisture can have a strong effect, 

especially in flash-flood forecasting.  

5. Given the typical level of operational uncertainty in currently available radar rainfall 

estimates, model parameters and initial conditions, the predictive uncertainty in the 

modeled flash-flood response is often likely to be much higher than desired for flash-

flood forecasting. However, the hydrologic model is still able to provide a valuable 

quantitative risk-based tool to forecasters for timely issuance and cancellation of 

flash-flood warnings and alarms. 
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This study illustrates the considerable difficulty involved in the model identification 

for flood forecasting in semi-arid regions.  The most pressing concern is that improved 

real-time bias-free rainfall estimates are necessary for achieving reduced uncertainty in 

flood forecasts.  Unfortunately, such estimates may not be easy to currently achieve in a 

real-time context. Given the performance of the current generation of weather radars in 

semi-arid regions, such real-time bias removal may only be possible when used in 

conjunction with sophisticated semi-arid numerical weather prediction models. The 

findings about influential parameter uncertainties indicate the need for improved 

representation of semi-arid hillslope hydrology in small basins, while pointing to specific 

influential, but poorly identified, hillslope and channel parameters toward which field 

investigations should be directed. The finding about the dominant effect of initial 

hillslope soil moisture indicates that its improved real-time specification at the beginning 

of each event is necessary. This could be achievable by use of a sufficiently sophisticated 

inter-storm model component to track soil moisture losses due to evapotranspiration. 

This study started with reasonably wide ranges of spatial modifiers on the a priori 

estimates, for the Monte-Carlo simulations. The estimates obtained using AGWA were 

hence sought to be refined during the model calibration process. This refining of 

parameter estimates was also expected to aid in generating forecasts with acceptable 

uncertainty bounds as desired by the NWS. It was found that in general, there was an 

inconsistency between model and data, i.e., identifiability of a consistent set of modifiers 

(and consequently model parameters) across all events was hampered. This indicates that 
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model structure or data may be suspect. Also, the behavioral classification did not 

achieve reduction in the uncertainty associated with the modifier ranges (i.e., no refining 

of the modifier estimates was achieved). Five modifiers were found to be weakly 

identifiable through the behavioral classification, with only a few more found sensitive 

(since sensitivity is a necessary condition for identifiability). The sensitivity information 

was also almost similar irrespective of which objective functions considered. While the 

real-world rainfall and runoff data used were seen to be most influential, these are 

potentially contaminated with different error sources. This might also be the reason why 

the choice of objective function did not matter: the errors sources might have dominated 

the aspect of the hydrograph that the objective function analyzes. Hence, a rigorous 

synthetic test framework is needed to localize the reason for the poor modifier 

identifiability, if it is model structure/modifier spatial variation or data errors in the 

rainfall estimates, initial conditions etc. Also, synthetic tests without error sources may 

make more modifiers identifiable. This synthetic testing is the focus of the next chapter. 
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CHAPTER 4: A SYNTHETIC STUDY OF UNCERTAINTY IN SEMI-ARID FLASH 

FLOOD MODEL PREDICTIONS 

 

In the previous chapter 3 involving real data for the WG11 sub-basin, the behavioral 

classification was used in the anticipation of a reduction in the spatial modifier ranges. 

However, not only was the reduction in the modifier ranges unsuccessful, but also the 

phenomenon of behavioral (spatial) modifier set inconsistency was observed across 

events for the fixed Sobol’ sampling scheme used. This chapter attempts to pinpoint the 

source of these phenomena from among potential causes like model structural error, 

distributed model nonlinearity, inadequate modifier space sampling and data errors. This 

is done through a modeling study using synthetic output data in place of corresponding 

real data used in the previous chapter. Henceforth, this synthetic data study is referred to 

as the ‘synthetic case’, while the real data study in the previous chapter is referred to as 

the ‘real case’. Analysis of the modeling results from such synthetic input-parameter-

output data avoids the errors associated with corresponding real data and model structural 

error, and hence focuses on potential causes like distributed model nonlinearity and 

inadequate modifier space sampling as mentioned above.  

Initially, the same analytical steps conducted in the GLUE framework with the Sobol’ 

sensitivity analysis technique used for the real case were conducted again on this 

synthetic case. If these phenomena are not reproduced in the synthetic case, this 

potentially exposes the role of model structural error and/or data errors in the phenomena 

observed of behavioral modifier set inconsistency and the failure of the behavioral 
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classification to reduce the modifier ranges. However, if these phenomena are reproduced 

in the synthetic case, then it’s more likely that they occur due to distributed model 

nonlinearity and/or inadequate modifier space sampling. Next, the possible role of 

inadequate modifier space sampling in the phenomenon of behavioral modifier set 

inconsistency is explored by reducing the range of all modifiers to improve the sampling 

density in the modifier space. Additionally, this chapter also touches on the effect on 

model predictions when the dimensionality of the modifier space is reduced by fixing 

some modifiers at the a priori values. Finally, an exploration of the relative spatial 

sensitivities of the values of an example model parameter for the corresponding dominant 

yet poorly defined modifier is done. 

 

4.1 The synthetic baseline data used 

 For generating the baseline stream outlet data to be used as the reference against 

which the Monte-Carlo (MC) simulation results are conditioned, the KINEROS2 model 

is fed with the merged rainfall input data and the a priori parameter values from AGWA 

to which the field geometry and plane microtopography measurements were added. This 

means that the values of KINEROS2 parameters for the microtopographic rill depth and 

spacing were set to the basin-average values of 16.8 mm and 68.35 mm respectively (see 

Table 3.2). Additionally, while the channel widths for major reaches near the outlet were 

set to field measured values from Goodrich (1990), those for the non-major reaches were 

multiplied by 0.5 which lies within the range of the CWidM modifier ranging from 0.33-

0.7 for the MC runs (Table 3.2). The soil net capillary drive (G) values were regressed 
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against the corresponding soil saturated hydraulic conductivity (Ks) values as shown in 

equation 3.5 and explained in subsection 3.3.3 in Chapter 3 for both the plane and the 

channel elements. 

For events 4, 7 and 8 from the real case (Table 3.1), the synthetic hydrographs 

generated were either zero or very low values.  Hence, for these events, taking advantage 

of the synthetic nature of this study, and for obtaining baseline output discharge peaks 

with significant magnitudes, the merged rain field was multiplied by a modifier value of 

1.3 go get a new ‘true’ or baseline input rainfall field. For events 7 & 8, this gave new 

favorable baseline discharge hydrographs, but for event 4, the corresponding hydrograph 

still consisted of zero values. Since the observed peak magnitude of this event in the real 

case was a very low value (Table 3.1), this event was discarded for this synthetic case 

study. The remaining seven events and their discharge peak magnitude values are listed 

in Table 4.1 (note that the later event numbers are hence different from the earlier real 

case). The flow start times and durations shown in Table 4.1 are for hydrograph values 

greater than an arbitrarily selected discharge magnitude of 0.1 cms, as against those in 

Table 3.1 which are for the entire non-zero flow duration. This is because of the 

extremely low orders of magnitude of the non-zero leading and trailing values in the 

baseline event hydrographs. Note that now there are 7 events with 8 peaks in total instead 

of the real case where there were 8 events with 12 peaks. The baseline hydrographs along 

with the baseline hyetographs of the maximum elemental rainfall intensities and the 

WG11-mean rainfall intensities are shown in Figure 4.1. 
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Event 
# 

Date 
(UTC)  

Flow 
start time 
(UTC) 

Flow 
Duration 
(min) 

# 
peaks 

Peak 
flow 
(cms) 

Flow 
volume 
(m3)  

 1 Jul. 29 '03 21:27 89 1 3.70 6582  
 2 Aug. 25 '03 19:40 104 1 2.68 6486  
 3 Aug. 28 '03 0:32 109 1 8.28 17573  
 4* Aug. 09 '05 23:09 65 1 1.27 2357  

 5 Jul. 29 '06 6:29 164 2 
7.48, 
4.99 24533  

 6* Jul. 30 '06 14:50 38 1 2.46 5534  
 7* Jul. 31 '06 12:08 50 1 2.27 4433  
 * Rain modifier 1.3 on real case merged rain    
         

Table 4.1 (7): Discharge statistics of the events used for the synthetic study 
 



 

 

Figure 4.1a (30): Baseline plots of maximum elemental hyetographs, basin-mean 
hyetographs and hydrographs for 1st four events 
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Figure 4.1b (31): Baseline plots of maximum elemental hyetographs, basin-mean hyetographs and hydrographs for last 
three events 
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4.2 Synthetic case versus real case analysis 

Similar to the real case in Chapter 3, two sets of MC runs were conducted in this 

study after sampling the multivariate modifier space. The first set of MC runs results 

from a multivariate sampling of 24 spatial modifiers, where the rain depth bias modifier 

is varied in addition to the similar variation through modifiers in overall magnitude biases 

of the initial soil moisture estimate spatial fields and of the model parameter spatial 

fields. The second set of MC runs results from a multivariate sampling of 23 spatial 

modifiers, where the rain depth bias modifier was excluded from variation by fixing the 

rainfall input fields for each event at their synthetic baseline values and the remaining 

modifier variations were the same as the first set of MC runs. The Sobol’ sampling 

densities used were the same as before: 98,304 for the 1st set of runs, and 102,400 for the 

2nd set. Modifier perturbation ranges similar to the real case were applied to the PGM and 

CGM modifiers which correspond to the soil net capillary drive (G) values that were 

regressed against the corresponding soil saturated hydraulic conductivity (Ks) values on 

both the plane and channel elements in this synthetic case. 

 

4.2.1 Checking consistency in behavioral modifier sets across events 

The hypothesis tested here is that “The synthetic case would show consistencies in 

the behavioral modifier sets across all events taken together, showing that model 

structural error and/or data errors are the main sources of such inconsistencies”. The 

numbers of common behavioral modifier sets between any two event peaks for the 2nd set 
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of MC runs are tabulated in Table 4.2 in a manner similar to those for the real case (Table 

3.6). Thus, the grey shaded cells are again the number of behavioral simulations for each 

event peak, while the numbers in bold are the number of common behavioral modifier 

sets between two peaks of the same event. More consistency between any two event 

peaks is seen here as compared to the real case seen in Table 3.6, due to the absence of 

data errors and of model structural error in the synthetic data. However, similar to the real 

case, no common modifier set is still obtained in an intersection across all the events for 

this synthetic case. This negates the above hypothesis and puts more focus on the 

distributed model nonlinearity and/or inadequate modifier space sampling as causes of 

the behavioral modifier set inconsistencies. This also means that additive updating across 

events of the GLUE Likelihood Function (LF) weights should again be used. 

 

           

 
Event 
Peak E1 E2 E3 E4 E5P1 E5P2 E6 E7  

 E1 2382 377 1481 191 570 197 1 125  
 E2  1317 958 58 170 256 0 99  
 E3   5063 353 1270 582 3 304  
 E4    585 182 67 1 76  
 E5P1     1851 362 0 200  
 E5P2      1278 38 155  
 E6       1132 359  
 E7        1493  
           
Table 4.2 (8):  Intersection table showing number of common behavioral modifier 
sets between any two event peaks for synthetic MC runs with merged rainfall input  
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4.2.2 Inspecting behavioral ranges and correlation structures in the modifiers 

and Likelihood Functions  

4.2.2.1 Modifiers 

Given that the main source of behavioral modifier set inconsistencies is either the 

distributed model nonlinearity and/or inadequate modifier space sampling, it seems 

natural to put forth the hypothesis that “the behavioral classification of the MC modifier 

sets would provide negligible reductions in the modifier ranges, showing that the 

contributions of model structural error and/or data errors are indeed negligible”. This 

hypothesis was broadly verified from the modifier histograms, where similar to the real 

case, the synthetic case also showed that the behavioral classification of the MC modifier 

sets through the evaluation of their performance on the entire simulated hydrograph was 

ineffective towards an overall reduction of the wide a priori initial modifier ranges, but 

with one exception. In contrast with the real case where no reduction in any modifier 

range was seen, the synthetic case showed that the RainM modifier that corresponds to 

the rain field depth bias variation in the 1st set of MC runs had a clear lower limit at 0.6 

(Figure 4.2). This is in comparison to the lower limit of 0.2 that was set according to the 

range of the (radar/gage) depth bias values (Table 3.1). This shows the reduction in the 

identifiability of the rain depth bias in the real case due to the effect of data errors that 

includes spatial representations of the rainfall fields, model parameters and initial 

conditions, and possibly due to some model structural error, thus negating the above 

hypothesis and showing that model structural error and/or data errors do have some 
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influence. Although the RainM range could be reduced and the MC runs conducted again 

for further analysis, the original range was retained to enable comparison of the synthetic 

case results against the real case results. 

 

 

Figure 4.2 (32): Clear reduction in behavioral RainM range obtained in the synthetic 
case 

 

Restructuring tendencies in the spatial modifier histograms due to the behavioral 

classification for the synthetic case were seen to be similar to those in the real case. As 

mentioned above, RainM has a strong restructuring tendency, with the only other spatial 

modifier showing a good restructuring tendency in the 1st set of MC runs being the CnM 

which corresponds to the channel soil surface roughness model parameter and this 

tendency by CnM is seen across most of the event peaks. This good restructuring 

tendency of CnM is repeated in the 2nd set of MC runs, where more modifiers show 

restructuring, and these are the PKsM, PnM, and CWCoM (Figure 4.3). Note that the 

peaking tendency of PKsM here is now close to 1.0 as against the real case range of 1.5-

2.0. This could indicate some underestimation bias in AGWA values of the plane soil 
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saturated hydraulic conductivities, or some model structural error affecting the 

identifiability of PKsM. The synthetic case shows peaking tendencies are near values less 

than 1 for CnM and CWCoM. 
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Figure 4.3 (33): Behavioral restructuring seen in modifier histograms from the 2nd 
set of MC runs for the synthetic case 

 

Compared to the real case where the overall behavior did not display significant two-

modifier correlations in the 2nd set of MC runs, the synthetic data case did show moderate 

level of correlations between some modifiers in those runs with a large spread around the 

1:1 line. Note again that a moderate correlation level is defined as a linear correlation 

coefficient value of atleast 0.5 and less than 0.75. This correlation level was seen between 

the PKsM and PRocM modifiers, where the coefficient was 0.52 for net behavior across 

the events, and between 0.6-0.7 for individual events. Also, between the PnM and CnM 
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modifiers, no moderate correlation level was seen for the net behavior, but was seen for 

individual events. From the 1st set of MC runs, correlations were seen between PKsM and 

RainM, not only for individual events (0.6-0.8 range) similar to the real case, but also for 

overall behavior across all events (0.63).  The above small differences in correlation 

coefficients between the real and synthetic cases stem from the presence of data errors 

and possibly model structural error in the real case. 

Conforming to the observations from the real case, a PCA analysis showed no strong 

directional components for either set of MC runs. For example, in the 1st set, the total 

variance was not found to be strongly concentrated among few Principal Component 

directions: analysis of the overall behavioral LFB showed 80% and 90% of variance 

captured by 16 & 19 modifiers respectively out of 24, as compared to 17 & 20 modifiers 

respectively for the real case. 

 

4.2.2.2 Likelihood functions 

Similar to the real case, the histograms of either the original or the enhanced LFs 

were seen to not show any peaked distribution in the synthetic case, hence conforming 

earlier findings that the behavioral classification does not reduce the power of 

discrimination during the modifier identification process for any of the LFs. In two-LF 

correlation plots, the five basic original LFs showed strong correlations (i.e., > 0.75) only 

between LFQP and LFVU (i.e., peak magnitude and volume) for events in either set of 

MC runs, as compared to the real data case where strong correlation was also seen 

between LFTS (i.e., start timing) and LFTP (i.e., peak timing) in most of the events. The 
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LFTS vs. LFTP correlation in this synthetic case was strong only for a few events. Hence, 

for creating the multi-objective LFM as a multi-objective treatment, four LFs out of five 

were selected, these being the LFQP, LFTS, LFTP, and LFTE (i.e., end timing). The 5 

basic enhanced LFs again did not show any mutual correlation, suggesting that all of 

them would need to be used in the likelihood function/weight merging procedure for a 

similar multi-objective treatment. 

 

4.2.3 Sensitivity analysis 

Similar to that seen in the real case, the enhanced LFs in the synthetic case had almost 

the same sensitivity indices as the behavioral classification-based LFB. This confirms 

earlier findings about the loss of power in extracting information about variations in the 

behavioral zone of the modifier space as against the retained information about 

behavioral classification when using the enhanced LFs for a low percentage of behavioral 

simulations, due to the dominance of the behavioral classification signal over the 

information about variations in the behavioral zone of the modifier space. Hence, even 

here, only the original basic LFs that represent the entire modifier space are henceforth 

referred to, along with the behavioral classification-based LFB and the multi-objective 

LFM. 

The total sensitivity indices obtained for the synthetic case are plotted against those 

for the real case in Figure 4.4. Subplot 4.4a shows the influence of RainM on different 

LFs, while subplots 4.4b and 4.4c show the influence of different modifiers on LFB for 

the 1st and 2nd set of MC runs respectively. The synthetic case results here thus conform 
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to those obtained in the real case about the dominant influence of the variability in the 

bias of the radar rainfall estimates on the modeled response, about the relative influence 

of the KINEROS2 hillslope (plane) parameters as compared to channel parameters for 

this small basin, and about the significant influence of initial hillslope soil moisture on 

the modeled response. 
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Figure 4.4 (34): Comparison of total Sobol’ sensitivity indices between the real and 
synthetic cases 
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4.2.4 Model predictive uncertainty 

Figure 4.5 shows the model predictive uncertainty around the baseline hydrograph for 

the July 29, 2006 event, both for prior events and for all events taken together, with 

similar subplots for the predictive uncertainty around the observed hydrograph from the 

real case. The subplots for the real case do not include the rain uncertainty as was shown 

in Figure 3.15.  The significant difference in predictive uncertainty bounds between the 

real and synthetic case are noticeable, and are a function of the extent of behavioral 

modifier set inconsistencies across the events used. These high functional inconsistencies 

across events seen in the real case as compared to the synthetic case then also conform 

some role of model structural error in representing the natural watershed system along 

with that of data errors. Instead of indulging in the difficult task of completely 

eliminating the data errors present, exploring the effect of changes or additions to the 

model structure on the comparisons in predictive uncertainty between the two cases 

would be more appropriate to examine the role of model structural error. Some such 

suggested explorations include explicit representation of the riparian floodplain through 

additional model plane elements and the addition of bank storage effects (Whitaker, 

2000) that could affect the receding limb of the hydrograph. 
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(a) Uncertainty from prior events: real data
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(b) Uncertainty from all events: real data
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(c) Uncertainty from prior events: synthetic data
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(d) Uncertainty from all events: synthetic data
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Figure 4.5 (35): Predicted 90% confidence intervals for hydrograph of the July 29 
2006 event using behavioral modifier sets from (a) prior events in real data study, (b) 

all events in real data study, (c) prior events in synthetic data study, and (d) all 
events in synthetic data study 
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4.3 Exploring the possible role of inadequate modifier space sampling on behavioral 

modifier set inconsistency 

From the previous sections, the behavioral modifier set inconsistency phenomenon 

seems mainly due to one of the two possibilities: 

1. The modifier space sampling may be inadequate for the wide uncertainty ranges used 

for the spatial modifiers.  

2. The distributed model nonlinearity may bias the sampling of the original high-

dimensional space of distributed model parameters, initial conditions and rainfall 

through the use of the much simpler representative sampling of the highly reduced 

dimensional spatial modifier space. This is because the inherent assumption 

associated with the usage of spatial modifiers of linearity of the modeled response 

with respect to the values of the considered source of uncertainty may not be correct.  

 

The possible role of inadequate modifier space sampling due to the wide spatial 

modifier uncertainty ranges used is explored through a simple experimental setup on the 

synthetic case where the ranges on the spatial modifiers are reduced to 1/10th of the 

original ranges used. This is done on the synthetic case only for the 2nd set of MC runs 

(i.e., rain depth is fixed showing no uncertainty), where the actual model element 

parameter values and initial conditions were accurately set in the baseline runs and hence 

known so that the reduction in ranges can be done more realistically to still contain these 

‘true’ values. The difficulty in the identifiability of the spatial modifiers (with no 

reduction obtained in the behavioral modifier ranges) makes this experiment 
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correspondingly difficult for the real data study. The hypothesis tested is then 

“Behavioral modifier set inconsistency exists mainly due to the wide uncertainty ranges 

on the modifiers which result in inadequate fixed sampling of the modifier space”.  

Channel geometry and microtopography measurements were used here also: the 

channel width multiplier ranges used contain the baseline channel widths which were 0.5 

of the original widths from AGWA for those channel reaches where channel width 

measurements were not available.  Note that the initial soil moisture ranges across the 

events do not have the same range end values while still retaining the same difference 

between those end values, which was done to reflect the event-specific different initial 

soil moisture values used in the baseline runs. Table 4.3 lists the new reduced ranges used 

against the original wide ranges. 
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Spatial 
modifier 

# 

Spatial 
modifier 
notation 

Spatial 
modifier 
original 
range 

Spatial modifier reduced 
range 

 
 1 PKsM 0.4-2.5 0.94-1.15  
 2 PnM 0.4-2.5 0.94-1.15  
 3 PCVM 0.4-2.0 0.94-1.1  
 4 PGM 0.67-1.5 0.967-1.05  
 5 PRocM 0.75-1.25  0.975-1.025  
 6 PIntM 0.75-1.25 0.975-1.025  
 7 PDistM 0.7-1.3 0.97-1.03  
 8 PPorM 0.75-1.25 0.975-1.025  
 9 PRillDA 0-72.5 mm 0.0152-0.0224 mm  
 10 PRillSA 0-254 mm 0.0615-0.0869 mm  
 11 PCanM 0.75-1.25 0.975-1.025  
 12 CKsM 0.8-1.1 0.98-1.01  
 13 CnM 0.4-2.5 0.94-1.15  
 14 CCVA 0-2.0 0-0.2  
 15 CGM 0.4-2.5 0.94-1.15  
 16 CRocA 0-0.1 0-0.01  
 17 CDistM 0.7-1.5 0.97-1.05  
 18 CPorM 0.85-1.15 0.985-1.015  
 19 CWCoM 0-3 0.9-1.2  
 20 CWidM 0.33-0.7  0.4833-0.52  
 21 CTortF 0.95-1.1  0.995-1.01  

 22 PSMIA 0.2-0.6 +/- 0.02 about baseline 
value  

 23 CSMIA 0.2-0.6 +/- 0.02 about baseline 
value  

      
Table 4.3 (9): Reduced ranges in the spatial modifier values used for exploring the 

role of inadequate modifier space sampling 
 

Similar to Table 4.2, Table 4.4 shows the number of common modifier sets between 

event hydrograph peaks taken two at a time for this reduced modifier range used in the 
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MC runs conditioned on the baseline runs. Highly significant consistencies are now seen 

to be observed between any two peaks, while there now finally exists common behavioral 

modifier sets across all the events (11,097 in number, not shown in the table). This 

consistency seen at this reduced range then proves the above hypothesis and shows the 

dominant role of inadequate modifier space sampling for wide uncertainty ranges in the 

spatial modifier values on the behavioral modifier set inconsistency. 

 

           

 
Event 
Peak E1 E2 E3 E4 E5P1 E5P2 E6 E7  

 E1 68628 39441 66768 23324 47659 42630 30076 58039  
 E2   50502 47522 22191 47191 43461 40082 32871  
 E3     77933 25728 56171 48212 38825 60453  
 E4       26284 22849 21175 18577 21409  
 E5P1         62213 47352 40580 40498  
 E5P2           50939 35865 34853  
 E6             43677 23648  
 E7               61766  
           
Table 4.4 (10): Intersection table showing number of common behavioral modifier 
sets between any two event peaks for MC runs with reduced synthetic case ranges 
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4.4 Effect of reduction in modifier dimensionality 

Given that there is behavioral modifier set consistency for the much reduced ranges 

of the modifier values because of adequate fixed sampling seen above, is it possible to 

improve the improve the sampling density through fixing some of the non-influential 

sources of uncertainty? Would the corresponding model bias then still provide behavioral 

modifier set consistency, and would the model behavior in terms of the ranking of the 

modifier influences and the predictive uncertainty still be retained? This is also relevant 

to earlier studies where distinct rainfall-runoff models of different complexities were 

inter-compared over semi-arid basins (e.g., Pilgrim et al., 1988; Hughes, 1994; Michaud 

and Sorooshian, 1994; Refsgaard and Knudsen, 1996; Ye et al., 1997), and all the 

calibrated models were seen to give similar performances.  

The above questions are explored through selecting the eight most influential 

modifiers from the sensitivity analysis results for the 2nd set of MC runs in the real and 

the synthetic cases, and performing the MC runs associated with a multivariate sampling 

on those modifiers: these 8 modifiers were selected as PKsM (plane soil saturated 

hydraulic conductivity), PnM (plane soil surface roughness), PCVM (coefficient of 

variation of PKsM’s parameter), PGM (plane soil net capillary drive), PRocM (plane soil 

volumetric rock fraction), CnM (channel soil surface roughness), CWCoM (channel 

Woolhiser coefficient), and PSMIA (plane initial soil moisture). For having atleast four 

bins in the sampling along each modifier direction, a minimum sampling density of 48 

(i.e., 65,536) is required. Since the sampling for the 1st and total order indices in the 
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SIMLAB toolbox doesn’t provide this sampling density, so the sampling density for the 

2nd order indices which provides a sampling density of 77,824 in the toolbox is used.  

Again, similar to Table 4.2, Table 4.5 shows the number of common modifier sets 

between event hydrograph peaks taken two at a time for multivariate sampling of this 

reduced number of modifiers. There is a general behavioral modifier set inconsistency 

when the intersection of modifiers across all events is considered, meaning zero common 

sets. This is perhaps expected from the still inadequate sampling density that was 

achieved by the reduced modifier ranges. To illustrate this point, the original multivariate 

sampling of all 23 modifiers in the 2nd set of MC runs with wide uncertainty ranges meant 

that the equivalent number of bins along each modifier direction for a regular grid was 

98304(1/23) ≈ 1.65. When the modifier ranges were reduced to 1/10th of the original, this 

meant that the corresponding number was then approximately 1.65*10 = 16.5 over the 

original modifier range. However, here, only four bins along the original range of each 

perturbed modifier was considered instead of 16.5. Some behavioral consistency similar 

to that seen with the reduced modifier ranges might have been obtained if a sampling 

density of 16.5^4=74120 had been used, i.e., if only four modifiers had been varied. 
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 Event Peak E1 E2 E3 E4 E5P1 E5P2 E6 E7  
 E1 2271 423 1737 290 534 232 28 209  
 E2   1771 1066 196 185 278 1 72  
 E3     4551 417 912 628 27 256  
 E4       602 141 82 12 67  
 E5P1         1244 363 6 146  
 E5P2           1145 28 178  
 E6             898 301  
 E7               1145  
           
Table 4.5 (11): Intersection table showing number of common behavioral modifier 

sets between any two event peaks for MC runs with eight modifiers (rain fixed) 
 

Accordingly, the four most influential modifiers from the sensitivity analysis results 

for the 2nd set of MC runs in the real and the synthetic cases were selected for a 

multivariate sampling towards performing the MC runs: these four modifiers were 

selected as PKsM (plane soil saturated hydraulic conductivity), PnM (plane soil surface 

roughness), PRocM (plane soil volumetric rock fraction) and CnM (channel soil surface 

roughness). Since the Sobol’ sampling in the SIMLAB toolbox does not provide the 

minimum required sampling density of 74120, the FAST (Fourier Amplitude Sensitivity 

Test) sampling method in the toolbox was used with a sampling density of 74,980. 

Analyzing the corresponding MC runs would also provide similar first- and total-order 

indices required. The intersection table of number of behavioral modifier sets between 

any two events is shown in Table 4.6. An intersection across all events also provides 

common modifiers sets, 38 in this case, showing behavioral modifier set consistency at 

this sampling density. This 38 is much lower than the number of 11,097 obtained in 
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section 4.3 because all except four modifiers are fixed, resulting in a drastic reduction in 

the regions of the original high dimensional modifier space sampled. 

 

           

 
Event 
Peak E1 E2 E3 E4 E5P1 E5P2 E6 E7  

 E1 3090 518 2315 463 681 326 1005 1545  
 E2   2402 1499 357 365 746 719 507  
 E3     5633 771 1075 812 1774 1885  
 E4       888 141 226 604 547  
 E5P1         1414 465 575 441  
 E5P2           1333 417 324  
 E6             1867 1013  
 E7               2033  
           
Table 4.6 (12): Intersection table showing number of common behavioral modifier 

sets between any two event peaks for MC runs with four modifiers (rain fixed) 
 

The comparison of the total Sobol’ sensitivity indices between the 23-, 8-, and 4-

modifier cases are shown in Figure 4.7, while Figure 4.7 shows the model predictive 

uncertainties for prior and for all events, in both the 23-, 8-, and 4-modifier samplings. 

The structure and ranges of the confidence intervals in Figure 4.8 show that there is no 

significant difference in the model predictive uncertainty between 23, 8 and 4 modifiers, 

showing that this less number of modifiers can be sampled in a multivariate sense and 

analyzed post-event in the forecasting mode for updating the LFs. 
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Figure 4.6 (36): Comparison of total Sobol’ sensitivity indices between the 23-
modifier, 8-modifier and 4-modifier synthetic cases 
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(a) Synthetic case, prior events, 23 modifiers
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(b) Synthetic case, prior events, 8 modifiers
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(c) Synthetic case, prior events, 4 modifiers
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(d) Synthetic case, all events, 23 modifiers
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(e) Synthetic case, all events, 8 modifiers
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(f) Synthetic case, all events, 4 modifiers

 

Figure 4.7 (37): Predicted confidence intervals for synthetic hydrograph of the July 29 2006 event using behavioral 
modifier sets for different combinations of prior and all events with 23, 8 and 4 modifiers 
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4.5 Exploring the spatial sensitivities of a source of uncertainty 

This short subsection on spatial sensitivities of an example model parameter for the 

corresponding dominant yet poorly defined modifier is relevant for useful information 

like suitable locations in the sub-basin where detailed field investigations should be 

conducted for reducing uncertainty. The example parameter considered here is the plane 

soil saturated hydraulic conductivity field in which each plane element value is varied 

within about 10% of its baseline value (and not within the wide uncertainty range since 

the influence of that bias could dampen out the differences in spatial sensitivities between 

the individual elements). The factors varied here are hence the plane elemental hydraulic 

conductivities and not spatial modifiers. The WG11 sub-basin has 20 planes, and hence a 

multivariate sampling density of 43,008 on 20 factors is used. The channel geometry and 

microtopography, and the regression of soil net capillary drive against the baseline soil 

saturated hydraulic conductivity values are done as explained in previous subsections. 

Behavioral factor set inconsistency is seen in a net intersection across all the events, 

while the multi-objective LFM is seen to need all the five basic shape descriptors for a 

multiplicative updating (i.e., no correlation is seen as before in the peak magnitude and 

volume). Figure 4.8 shows the spatial sensitivities obtained. Irregular patterns are 

obtained here that might be a function of the rainfall input properties for the limited 

number of events used. Detailed investigation needs to be done covering a wide range of 

maximum intensities and areal spreads of convective events before similar information 

can be used in field investigations. 
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Figure 4.8 (38): Spatial sensitivities for 10% perturbations in the plane soil saturated 
hydraulic conductivity values 
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4.6 Conclusions 

In analyzing the real data for the small WG11 sub-basin, the phenomena of no 

reduction in the spatial modifier ranges from a behavioral classification of the modifier 

space, and of behavioral modifier set inconsistency in an intersection across all events 

were observed. This chapter attempted to investigate the source of these phenomena from 

among potential causes like model structural error, distributed model nonlinearity, 

inadequate modifier space sampling and data errors.  

In particular, the following were found or confirmed the results from the real case 

study:  

1. Given current operational sources of uncertainty, behavioral modifier set 

inconsistency for an intersection across all event peaks can exist for a small basin for 

a fixed multivariate sampling setup. This inconsistency mainly exists due to wide 

uncertainty ranges on the spatial modifiers in the Monte-Carlo runs, which result in 

inadequate sampling of the entire modifier space. 

2. No reductions in the modifier ranges mostly occur from the behavioral classification, 

mainly due to high distributed model non-linearity with associated parameter 

interactions. Reduction of the rain depth bias modifier in the synthetic case shows that 

model structural error and/or data errors do have some influence on this range 

reduction.  

3. Uncertainty in the depth bias of the radar rainfall estimates greatly dominates the 

modeled response, the KINEROS2 hillslope (plane) parameters are more influential 
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than channel parameters for this small basin, and initial hillslope soil moisture has a 

significant influence on the modeled response in flash-flood forecasting. 

4. Given the functional inconsistency across events associated with the behavioral 

modifier set inconsistency for the current wide uncertainty ranges in modifier values 

on different source spatial fields, a high predictive uncertainty is unavoidable in 

forecasting under an uncertainty framework. 

5. Reducing the number of model parameters to be calibrated does not seem to show 

significant changes in the uncertainty ranges associated with model predictions. 

 

Conclusions 1 and 2 are best assessed by referring to previous studies where the 

KINEROS2 model had provided good performance on small watersheds at a similar 

scale, for example, Goodrich (1990). Those studies usually assumed the existence of a 

‘best’ parameter set to be obtained by manual or automatic calibration. However, 

applying the concept of equifinality in an uncertainty framework involving fixed modifier 

space sampling without evolutionary optimization techniques as was done in this study 

could make if difficult to obtain such a ‘best’ set, even if one exists. Since the main 

reason for this inconsistency is the initial wide a priori ranges on spatial modifiers even 

with expert guidance which were unable to be narrowed down even in presence of the 

strict behavioral constraints applied on the modeled response, there is a pressing need to 

reduce these ranges using other methods other than the KINEROS2 model itself. One 

such method would be by conducting field investigations combined with scaling and 

model diagnostic studies. 
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Conclusions 3 highlight the importance of depth bias removal from the rainfall field 

as model input in an uncertainty framework that is very important for flash-flood 

forecasting, and confirms similar conclusion from non-uncertainty frameworks in earlier 

studies by Goodrich (1990), Michaud (1992), and Miller (2002). This high depth bias 

means that some form of adjustment is required to remove most of this bias is required in 

operational practice before sound forecasts can be issued. This can be done using rain 

gage data wherever available, or what is supposedly more difficult operationally: 

numerical weather prediction models providing high-resolution rainfall predictions at the 

land surface. In watersheds where gage-based ALERT systems are incorporated, these 

systems could be the source of gaged estimates for radar rainfall adjustment which has to 

be done post-storm event for adjusting the likelihood weights for the modifier sets. The 

author cautions against the use of the predictive uncertainty framework used here for 

modeling in ungaged basins using radar data due to the wide range in the depth biases of 

the estimates from the current single polarization radars widely used. Post-event updating 

of the likelihood weights for the model predictions would be a pointless exercise with 

inadequate realism in face of this high uncertainty in the depth biases.  

Information regarding the dominant model parameter uncertainties that should be 

preferentially tackled that is mentioned in conclusion 3 builds on the pressing need 

highlighted in discussions connected with conclusions 1 & 2 about reducing the 

uncertainties in the ranges of spatial modifiers used. Where only limited plane areas or 

channel reaches in the watershed can be considered for field investigations to reduce the 

uncertainty in any model parameter, the figures of spatial sensitivity obtained from the 
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synthetic study could be helpful to locate the areas with higher sensitivity where 

uncertainty needs to be reduced.  

The significant influence of the initial hillslope soil moisture mentioned in conclusion 

3 is important since it points to the high degree of sophistication required for the inter-

storm component in an operational continuous flash-flood forecasting model. At the 

beginning of this current study, the extent of influence of the initial soil moisture on the 

modeled runoff was not accurately known. This was because while many previous semi-

arid rainfall-runoff studies showed the initial soil moisture to be influential (Goodrich et 

al., 1994; Nicolau et al., 1996; White et al., 1997; Grayson and Bloeschl, 2000; Beven, 

2002), there have been some studies where it was found to be not consistent in its 

influence, especially for small basins (Syed, 1994). The current study firmly establishes 

that at least for flash-flood forecasting purposes, the inter-storm model component needs 

to account in detail for processes which can affect the soil moisture, for example, 

evapotranspiration. Evapotranspiration is currently not modeled in KINEROS2.    

Conclusion 4 deals with the unavoidably high predictive uncertainty obtained using 

real data from radar in flash-flood forecasting. This is also an artifact of the inconsistency 

in the behavioral modifier sets mentioned in conclusion 1, and also leads to a functional 

inconsistency across events. This means that the modifier sets behavioral for one 

hydrograph peak would consistently behave in an over- or under-estimating mode when 

used on another hydrograph peak. Even though the predictive uncertainty is much higher 

than desired, using confidence bounds in the hydrograph predictions makes it amenable 

towards risk level-based issuing and cancellation of flood warnings, making it possible to 
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further improve the services at the NWS WFOs. Since the uncertainty framework used 

here with a fixed sampling density accounts for all the possible difficulties (e.g., 

behavioral modifier set inconsistency) that happened to manifest even for this small basin 

size in modeling the predictive uncertainty, it presents a much more desirable alternative 

than a simple calibration procedure for each event that can increase the number of 

modifier sets considered in the Monte-Carlo simulations with an increase in the number 

of events. 

Using the semi-arid physics-based KINEROS2 in the uncertainty-based forecasting 

framework would provide more physical realism, even though other simpler models can 

possibly provide similar performance to KINEROS2 (e.g., the calibrated distributed SCS 

model with a simple channel loss component as per Michaud, 1992). This is related to 

conclusion 5 about parsimony in the number of model parameters subjected to 

uncertainty ranges in the corresponding spatial modifiers. While possibly not as simple as 

the distributed SCS model used by Michaud (1992), this could help decide the redundant 

model parameters with corresponding model processes redundant for flash-flood 

forecasting purposes at different basin scales. 
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CHAPTER 5: OVERALL CONTRIBUTIONS AND RECOMMENDATIONS FOR 

FUTURE RESEARCH 

5.1 Contributions 

The current study started with the resources available of the semi-arid KINEROS2 

model and the recently available fine resolution radar rainfall data from the DHR product 

that provides comprehensive areal coverage (Maddox et al, 2002), and hence suited for 

forecast purposes. Given that the NWS WFOs currently provide site-specific flash flood 

warnings based mostly on areal rainfall estimates as in the FFMP program for semi-arid 

forecast points and hence tending to be qualitative, the overall hypothesis of this study 

tested the predictions from the KINEROS2 model with respect to their corresponding 

quantitative uncertainties. These uncertainties were hoped to be low enough so that flood 

response measures can not only commence, but also be discontinued in a timely fashion. 

Initial operational evaluations of the KINEROS2 model runs using a priori model 

parameters from AGWA and subsequently adjusting those parameters through expert 

calibration showed their poor performance. Also, the frequent recalibrations seen to be 

required over the Sabino Canyon basin forecast point had provided some clue of the 

possible uncertainty, or some ‘equifinality’ in the parameter estimates that manifested in 

corresponding biases and uncertainties in the model predictions. Similar to Michaud 

(1992) who used ALERT gage-based data, this study tested the capability of KINEROS2 

to simulate thunderstorm-generated flash floods under data constraints that operationally 

occur at the NWS WFOs, but within an explicit uncertainty framework that reflected the 
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current state of knowledge about the uncertainties in different factors that need to be 

specified accurately in the model. These factors are the spatiotemporal rainfall forcing 

fields, the initial soil moisture spatial fields, and the model parameter spatial fields from 

AGWA. 

Since small basins were supposed to show excellent modeling results (Goodrich, 

1990), not much influenced by initial soil moisture (Syed, 1994), and not significantly 

affected by land cover misclassification (Miller, 2002), a small basin from the WGEW 

was selected to test the predictability of KINEROS2. The uncertainty estimation 

framework employed was the GLUE framework (Beven and Binley, 1992), which is 

conceptually and operationally simple and can recursively update with incoming event 

data in a forecasting mode.  Detailed quantitative information about influences of each 

factor on the variation in the modeled response was obtained using a variance-based 

global sensitivity analysis called the Sobol’ method that comprehensively considered 

interactions occurring at all orders between the different factors. Initially, a real-data 

study was done using available data corresponding to eight events over this small 

watershed. Desired low uncertainty bounds by the NWS WFO reflected in the different 

hydrograph aspects like magnitudes and timings were utilized to set strict behavioral 

constraints around each observed event hydrograph. Some unresolved issues about 

behavioral factor set inconsistency and absence of any reduction in the factor ranges even 

after the behavioral classification were tackled using a synthetic study on these events. 

Summing up the research effort done in this study, the following contributions can be 

identified: 
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1. The KINEROS2 model has been recoded into a modular form suitable for operational 

use. This recoded model has a more realistic number of spatial nodes for each spatial 

model element that allows it to be used now on large basins. The modular form also 

facilitates easy incorporation of specific model component modules into other 

rainfall-runoff models for testing purposes. In addition, the code is now easily 

extensible in the future when additional or more detailed model components need to 

be incorporated.  

2. A predictive uncertainty framework based on GLUE that is conceptually simple and 

easy to implement operationally has been used successfully and suggested for 

operational forecasting. This framework is model-free, i.e., can be used with any 

model with corresponding behavioral constraints which happen to be very strict in 

this flash-flood forecasting application. Multi-objective information about different 

shape descriptors of the hydrograph was implicitly used (and is suggested to be used 

operationally also) to classify entire hydrographs as behavioral/non-behavioral in this 

framework. 

3. The existence of behavioral factor set inconsistency has been recognized between 

different input-based activations of the KINEROS2 model and which could exist in 

similarly complex environmental systems with similar wide a priori parameter ranges 

which employ a fixed sampling to characterize the response surface as against 

importance sampling used in evolutionary optimization. The GLUE framework used 

here takes this into account by using an additive likelihood weight updating method 

across events. 
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4. The single most dominant contribution by the uncertainty in the bias of the radar-

based rain depth estimates on the modeled runoff has been recognized in a robust 

manner, which would be probably be significantly reduced only with the installation 

of dual polarization radars in the future, so that the current forecasting framework can 

be used in ungaged basins.  

5. The utility of merging gage-based rainfall spatiotemporal information into 

corresponding information from radar has been pointed out, highlighting the 

importance of high-resolution multi-sensor precipitation estimates (MPE) that 

currently include radar estimates with gage estimates used mostly for an overall depth 

bias correction. However, since gage estimates are also ‘point’ and not area-based 

measurements, QPFs from NWP models that tend to be area-based in nature could be 

further used to improve the rainfall estimates. 

6. The importance of directed field investigations in reducing the model parameter range 

uncertainty has been highlighted, since the model by itself could be insufficient for 

the purpose. Pinpointing which dominant model parameter uncertainties need to be 

reduced at the scale of this study, which can be easily repeated for other watersheds at 

other scales. 

7. The importance of additional processes like evapotranspiration not currently present 

in KINEROS2 and required for accurate tracking of soil moisture has been 

recognized, especially at the start of the event where it can have a significant effect on 

the response. 
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Contribution number 2 on the framework used in this study is also seen to fulfill most 

of the suggested and additional desirable requirements for a site-specific model 

(COMET, 2003) listed in subsection 1.1.6. Table 6.1 lists the suggested requirements, 

while Table 6.2 lists the further desirable requirements. 

# Suggested Requirement Status 
1 Modular design to allow flexibility in sophistication, as 

WFO needs dictate and resources allow 
Fulfilled 

2 Handle basins with a time of concentration on the order of 
up to 8hrs 

Fulfilled 

3 Continuous model, with event-based capability initialized 
to current conditions 

Refinements continuing 

4 Short time-step model, increment of 15 minutes or less Fulfilled 
5 Model must have a well-documented calibration system 

which allows for relatively quick and satisfactory 
calibrations (capability to complete individual basin 
calibrations in an average time of 2-4 hours) 

Fulfilled 

6 Inputs: as appropriate to the scale of the model, including 
Quantitative Precipitation Forecasts (QPF) 

Fulfilled with radar input.  
QPF not within scope of 
current project. 

7 Ability for user to edit input Continuing development 
8 Output: forecast guidance on which warnings can be based. 

Categorical forecasts at an absolute minimum. Observed, 
simulated, and forecast hydrographs, and precipitation 
plotted as inverted hyetographs highly desirable 

Fulfilled, except for observed 
real-time hydrograph 
display, which must be 
coordinated with the data 
collection agencies (e.g., 
USGS, Pima County) in 
future 

9 Model must be accessible from Advanced Weather 
Interactive Processing System (AWIPS) workstations 
(UNIX) and have user accessibility via a graphical user 
interface (GUI). The GUI should contain selections for all 
input parameters, with defaults for all applicable 
parameters 

In progress, currently 
running on an AWIPS 
Windows PC.  

10 Model must permit multiple runs (not necessarily 
concurrently) with various input scenarios to obtain a range 
of contingency forecasts. 

Fulfilled, currently, with 
multiple runs on a single PC 
for output evaluation based 
on different conditions (e.g., 
initial conditions, or rain 
input.) 

11 Model must be capable of using radar precipitation input Fulfilled: currently based on 
radar rain input 

Table 5.1 (13): Suggested requirements and status 
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# Further desirable requirement Status 
1 Routing available to combine sub-areas of small rivers 

with tributaries and confluences 
Fulfilled: feature is part of 
KINEROS2 

2 Capability to adjust model for effects of land use change, 
i.e. fire 

In progress, based on 
parameter recovery rates from 
limited studies earlier 

3 Snow accumulation and ablation model available for use if 
desired 

Future work: not part of the 
current project 

4 Other outputs: confidence interval hydrographs; 
inundation maps 

Confidence intervals 
implementation in progress; 
inundation maps are future 
work & not part of the current 
project 

5 Be able to run model on past events for evaluation 
purposes. Including ability to toggle between Mean Areal 
Precipitation (MAP) along with total losses, or observed 
MAP along with past basin QPF (to enable visual QPF 
tracking while also viewing the differences between 
observed and forecasted hydrographs). This information is 
needed so that WFO forecasters can assess the validity of 
forecasts based on past performance and to identify causes 
of poor past performance 

Model output based on radar 
DHR input being evaluated for 
past events. Similar distributed 
precipitation sources (not part 
of this project) can be 
incorporated in the future 

6 A site-specific model that will work for all areas of the 
Western Region. While the development of some 
capabilities may need to be delayed, the model must be 
designed with enough flexibility to accommodate their 
development and assimilation. For example the model 
needs to be able to incorporate rain gage data in addition to 
or instead of radar precipitation estimates 

Varies, depending on the 
flexibility required. E.g, the 
Thiessen polygon method of 
the original KINEROS code 
for using rain gage 
information can be recoded for 
rain gage input. 

Table 5.2 (14): Further desirable requirements and status 
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5.2 Recommendations for future research 

The initial study hypothesis about the predictive uncertainty bounds being acceptably 

low enough was seen to be false, and has raised several directions for future research for 

reducing this uncertainty. Additional recommendations for continuing research stem from 

the simplicity of this study in the easy to use setup used that was selected so as to be 

easily operationally implemented. The following continuing research objectives are hence 

suggested: 

1. To improve spatio-temporal representation of the rainfall field input to the model. In 

case of radar-based input from the current single-polarization radars, develop 

algorithms to tackle errors which are primarily due to the presence of hail in the 

sampled volume. In case of numerical weather prediction models, the radar field can 

be used to statistically downscale the model rainfall estimates at that vertical level 

and at the land surface levels, so that the corresponding downscaled high-resolution 

surface estimates can be used for model input.    

2. To research optimum placement of rain gages in the watershed through some sort of a 

cost-benefit analysis that incorporates uncertainty. This might also involve additional 

research into the correct transformation of rainfall estimates between point and areal 

scales. This may also require installation of more ALERT raingages in the watershed.  

3. To conduct comprehensive studies on individual hillslopes and channels which 

combine directed field investigations with virtual modeling experiments (e.g., Weiler 

and McDonnell, 2004) that could help reduce the uncertainty in the model parameter 

estimates.  
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4. To investigate the appropriate complexity of processes like evapotranspiration to be 

used in the model inter-storm component for continuous forecasting. This would be 

possible only where such soil moisture measurements are available (e.g., Keefer et al, 

2007 for the Walnut Gulch) 

5. To investigate model simplification in terms of number of model parameters for 

flash-flood forecasting comprehensively over a wide range of scales. 

6. To investigate the effect of ongoing land-use change in most watersheds on the 

modeled response. This would also involve updating the NALC land cover database. 

7. To investigate regularization methods in watershed surface hydrology. This would aid 

tremendously in constraining the model parameter space, and is also being done by 

Pokhrel (2007) in case of the humid hydrology-based SAC-SMA model. The current 

study used spatial modifiers on the model parameters that assume linearity of the 

response with respect to the considered parameter, which can be an erroneous 

assumption in case of distributed modeling where the spatial response desired can be 

distorted. This problem can become worse in a multi-objective analysis where 

multiple aspects of the responses need to be considered. 

8. To test the framework used here on other models in other climatic regimes (e.g., 

SAC-SMA in humid regions). When strict behavioral constraints are applied for 

similar applications at shorter scales, similar results could be obtained. Use of such 

behavioral constraints can be a very effective way to detect and investigate model 

predictive uncertainties.  
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9. To add extra processes connected with detailed sediment transport, debris flow etc. to 

take changing channel morphology into account. Recent events of record (e.g., July 

31 event in the Sabino Canyon basin) with associated huge debris flows have 

highlighted the possible future importance of this in face of an increased climate 

variability scenario in the future.  

As pointed out by Goodrich (1990), such modeling efforts much be firmly grounded 

in realism. However, instead of the concern that improved computing power and 

resources recently available might indiscriminately increase the level of modeling 

complexity not supportable by available data, there is seen to be the potential to use more 

powerful tools to extract more information during the analysis and model diagnostic 

evaluation. This provides a better opportunity for the field experimenter and the modeler 

to learn from each other. 
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